Fish species of greatest conservation need in wadeable Iowa streams: status, habitat associations, and effectiveness of species distribution models by Sindt, Anthony R.
Graduate Theses and Dissertations Iowa State University Capstones, Theses andDissertations
2011
Fish species of greatest conservation need in
wadeable Iowa streams: status, habitat associations,
and effectiveness of species distribution models
Anthony R. Sindt
Iowa State University
Follow this and additional works at: https://lib.dr.iastate.edu/etd
Part of the Environmental Sciences Commons
This Thesis is brought to you for free and open access by the Iowa State University Capstones, Theses and Dissertations at Iowa State University Digital
Repository. It has been accepted for inclusion in Graduate Theses and Dissertations by an authorized administrator of Iowa State University Digital
Repository. For more information, please contact digirep@iastate.edu.
Recommended Citation
Sindt, Anthony R., "Fish species of greatest conservation need in wadeable Iowa streams: status, habitat associations, and effectiveness
of species distribution models" (2011). Graduate Theses and Dissertations. 11208.
https://lib.dr.iastate.edu/etd/11208
 
 
Fish species of greatest conservation need in wadeable Iowa streams: status, habitat 
associations, and effectiveness of species distribution models 
 
by 
 
Anthony R. Sindt 
 
 
A thesis submitted to the graduate faculty 
in partial fulfillment of the requirements for the degree of 
MASTER OF SCIENCE 
 
Major: Fisheries Biology 
Program of Study Committee: 
Michael C. Quist, Co-Major Professor 
Clay L. Pierce, Co-Major Professor 
Vivekananda Roy 
 
 
 
 
 
Iowa State University 
Ames, Iowa 
2011 
Copyright © Anthony R. Sindt, 2011. All rights reserved.
ii 
 
TABLE OF CONTENTS
LIST OF TABLES iv 
LIST OF FIGURES vi 
ACKNOWLEDGEMENTS vii 
CHAPTER 1. GENERAL INTRODUCTION 1 
Thesis Organization 3 
References 4 
CHAPTER 2. FISH SPECIES OF GREATEST CONSERVATION NEED IN 
WADEABLE IOWA STREAMS: CURRENT STATUS AND EFFECTIVENESS 
OF AQUATIC GAP PROGRAM DISTRIBUTION MODELS 7 
Abstract 7 
Introduction 8 
Methods 12 
Results 20 
Discussion 22 
Acknowledgments 32 
References 33 
Tables 43 
Figures 46 
CHAPTER 3. HABITAT ASSOCIATIONS EVALUATED AT MULTIPLE 
SPATIAL SCALES FOR IOWA FISH SPECIES OF GREATEST 
CONSERVATION NEED 49 
Abstract 49 
Introduction 50 
Methods 53 
Results 66 
Discussion 70 
Acknowledgements 82 
iii 
 
References 83 
Tables 95 
Figures 101 
CHAPTER 4. GENERAL CONCLUSIONS 104 
APPENDIX A.  FISH SPECIES FREQUENCY OF OCCURRENCE AND TOTAL 
ABUNDANCE IN 86 WADEABLE IOWA STREAM REACHES SAMPLED 
DURING 2009 AND 2010 106 
APPENDIX B.  CHARACTERISTICS OF 86 WADEABLE IOWA STREAM 
REACHES SAMPLED IN 2009 AND 2010 108 
APPENDIX C.  CATCH PER UNIT EFFORT (NUMBER PER 100 SQUARE 
METERS) OF 21 FISH SPECIES OF GREATEST CONSERVATION NEED IN 
85 WADEABLE IOWA STREAM REACHES SAMPLED DURING 2009 AND 
2010 110 
APPENDIX D.  COLLECTIONS OF FISH SPECIES OF GREATEST 
CONSERVATION NEED IN 86 WADEABLE IOWA STREAMS DURING 
SPRING AND SUMMER 2009 AND 2010 114 
iv 
 
LIST OF TABLES 
CHAPTER 2 
Table 1.  Large-scale habitat variables used in decision tree analyses to create the 
Iowa Aquatic Gap Analysis Project fish species distribution models (Loan-Wilsey et 
al. 2005). 43 
Table 2.  Number of wadeable Iowa stream segments sampled in each stream segment 
category for the twelve selected fish species of greatest conservation need during 
spring and summer 2009 and 2010. 44 
Table 3.  Model performance measures for twelve Iowa Aquatic Gap Analysis Project 
fish species distribution models. 45 
 
CHAPTER 3 
Table 1.  Large- and small-scale habitat variables for 84 wadeable Iowa stream 
reaches sampled during spring and summer 2009 and 2010, and used as independent 
variables in fish species occurrence models. 95 
Table 2. Pearson’s correlation coefficient for all pairs of large- and small-scale 
variables used in fish species occurrence models. 96 
Table 3.  Model performance measures for large-scale, small-scale, and multiple-
scale species occurrence models for seven Iowa fish species of greatest conservation 
need. 97 
Table 4.  Model-averaged parameters and optimal threshold values for large-scale 
(LS), small-scale (SS), and multiple-scale (MS) multiple logistic regression species 
occurrence models. 98 
v 
 
Table 5.  Relative importance and the direction of influence for independent variables 
in large-scale (LS), small-scale (SS), and multiple-scale (MS) species occurrence 
models for seven Iowa fish species of greatest conservation need. 99 
Table 6.  Model performance measures for large-scale, small-scale, and multiple-
scale species occurrence models validated against an independent dataset collected 
from 65 wadeable Iowa stream reaches. 100 
 
vi 
 
LIST OF FIGURES 
CHAPTER 2 
Figure 1.  Locations of 86 wadeable (2nd-5th order) stream segments sampled in the 
Mississippi River drainage of Iowa during spring and summer (May-August) 2009 
and 2010. 46 
Figure 2.  Frequencies of occurrence for twelve selected fish species of greatest 
conservation need in three stream segment categories.   47 
Figure 3.  Relationship between Iowa Aquatic Gap Analysis Project species 
distribution model performance and the status of 10 fish species of greatest 
conservation need in wadeable Iowa streams.   48 
 
CHAPTER 3 
Figure 1.  Locations of 84 wadeable (2nd-5th order) stream reaches sampled in the 
Mississippi River drainage during spring and summer (May-August) 2009 and 
2010. 101 
Figure 2.  Cohen’s kappa values for large-scale, small-scale, and multiple-scale 
species occurrence models created for seven fish species of greatest conservation 
need.   102 
Figure 3.  Qualitative associations of fish species of greatest conservation need 
presence with large- and small-scale habitat variables in wadeable Iowa streams.   103 
 
vii 
 
ACKNOWLEDGEMENTS 
 First and foremost I would like to thank my major professors Dr. Michael Quist and 
Dr. Clay Pierce for their exceptional guidance and my committee member Dr. Vivekananda 
Roy for his insight.  I am indebted to my technicians Chris Smith, Rebecca Krogman, Josh 
Bruegge, and Collin Hinz for their hard work and contributions to my success.  I also owe a 
tremendous thanks to fellow graduate students Michael Colvin, Jesse Fischer, Travis 
Neebling, Maria Dzul, Bryan Bakevich, and Tim Parks for always being willing to share 
their knowledge and expertise.  Additionally, this project would not have been possible 
without assistance and support from the faculty, staff, and students of the Department of 
Natural Resource Ecology and Management at Iowa State University and the Iowa 
Cooperative Fish and Wildlife Research Unit.  I also thank Anna Loan-Wilsey and everyone 
involved with the Iowa Aquatic Gap Analysis Project for providing an excellent tool for 
addressing the objectives of my thesis, and I am grateful to the Iowa Department of Natural 
Resources and U.S. Fish and Wildlife service for funding this project through State Wildlife 
Grant T-1-R-19.  Most of all I thank my family for their continual support, encouragement, 
and advice.
 
 
 
 
 
1 
 
CHAPTER 1. GENERAL INTRODUCTION 
Freshwater systems are among the most important ecosystems in the world.  
Approximately one third of all vertebrate species are confined to freshwater which 
constitutes only 0.8% of the earth’s surface (Dudgeon et al. 2006), and a vast majority of this 
diversity occurs in riverine systems.  Freshwater systems are also among the most 
endangered ecosystems in the world (Dudgeon et al. 2006).  The primary threats to 
freshwater ecosystems and biota include habitat loss and degradation, the introduction of 
nonnative species, chemical and organic pollution, climate change, alterations to flow (e.g., 
dams), and overexploitation (Allan and Flecker 1993; Dudgeon et al. 2006).  Consequently, 
many freshwater species are endangered and vulnerable to extinction (Richter et al. 1997; 
Jelks et al. 2008).  For example, 700 North American freshwater and diadromous fish taxa 
have been identified as endangered, threatened, or vulnerable (Jelks et al. 2008).  
Additionally, 61 fish taxa are listed as extinct in North America (Jelks et al. 2008) and 
Ricciardi and Rasmussen (1999) suggested freshwater species extinctions will continue at a 
rate five times faster than for terrestrial species.   
 In Iowa, anthropogenic alterations of the landscape are among the primary 
contributors to stream ecosystem degradation.  Iowa’s landscape has been dramatically 
transformed for agricultural use, and approximately 72% of the land is now used for row crop 
agriculture (U.S. Department of Agriculture 2007).  In addition to converting native prairies 
to homogenous expanses of row crops, many streams were channelized, wetlands were 
drained, and riparian habitats were altered as a response to agricultural demands (Bulkley 
1975; Menzel 1981, 1983).  The direct and indirect effects of agricultural practices on aquatic 
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habitats and biotic communities are well documented (Waters 1995; Walser and Bart 1999; 
Heitke et al. 2006; Rowe et al. 2009), and have been linked to declines in ecological integrity 
and aquatic biodiversity (Wang et al. 1997).  In Iowa, stream fishes are one of the most 
negatively impacted taxa.  Approximately 44% (i.e., 68) of all Iowa fish species have been 
identified as species of greatest conservation need (SGCN), and protecting and enhancing 
habitats to improve their status is priority (Zohrer 2005).  However, only 3.6% of Iowa’s 
stream lengths are in publicly-owned lands (Loan-Wilsey et al. 2005).  Thus, priority species 
and conservation areas need to be identified to maximize the effectiveness of conservation 
actions and land acquisitions.     
 In 2001, the Iowa Aquatic Gap Analysis Project (IAGAP) was initiated to identify 
areas where fish species lacked adequate protection (Loan-Wilsey et al. 2005).  As a 
component of the IAGAP, models were created to predict the distribution of fish species in 
Iowa’s streams and rivers using large-scale variables obtained with a geographic information 
system (e.g., stream order, gradient, elevation).  Only a limited amount of land can and will 
be designated for conservation use, and IAGAP models allow conservationists to objectively 
identify and rank candidate areas.  Unfortunately, the ability of the IAGAP models to 
accurately predict the distribution of stream fish species may be insufficient if large-scale 
variables do not adequately predict their occurrences.  Since accurate data are needed to 
make effective management decisions, the accuracy of the IAGAP models needs to be tested 
before they are used in the conservation planning process.   
 In addition to understanding the distributions and status of fish SGCN, understanding 
species habitat requirements greatly increases the probability of successful ecosystem 
restoration or preservation.  However, identifying the factors that constrain fish species 
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distributions is challenging because fish species are influenced by a combination of factors 
acting across multiple spatial scales (Poff 1997; Jackson et al. 2001).  Thus, the primary 
objectives of this study were to (1) evaluate the status of fish SGCN in Iowa’s wadeable 
streams, (2) test the effectiveness of IAGAP models for predicting the distribution of fish 
SGCN, and (3) identify large- and small-scale factors that influence the occurrences of fish 
SGCN.   
 
Thesis Organization 
 This thesis contains three proceeding chapters, two of which will be submitted to 
scientific journals.  The second chapter is a manuscript that will be submitted for publication 
in the North American Journal of Fisheries Management.  The third chapter is a manuscript 
that will be submitted to the Canadian Journal of Fisheries and Aquatic Sciences.  Each 
manuscript provides an abstract, introduction, methods, results, discussion, acknowledgment, 
and references section.  Additionally, each manuscript contains tables and figures at the end 
of the text.  The fourth chapter provides a general conclusion and synthesis.  Appendices 
provide further summary statistics and analyses.    
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CHAPTER 2. FISH SPECIES OF GREATEST CONSERVATION NEED IN 
WADEABLE IOWA STREAMS: CURRENT STATUS AND EFFECTIVENESS OF 
AQUATIC GAP PROGRAM DISTRIBUTION MODELS 
 
A manuscript to be submitted for publication in the North American Journal of Fisheries 
Management. 
 
Anthony R. Sindt
1,2
, Clay L. Pierce
3
, Michael C. Quist
4
 
 
Abstract 
 Effective conservation of fish species of greatest conservation need (SGCN) requires 
an understanding of species-habitat relationships and distributional trends.  Thus, modeling 
the distribution of fish species across large spatial scales may serve as a potentially valuable 
tool for conservation planning.  Our goals were to evaluate the status of 10 Iowa fish SGCN 
in wadeable Iowa streams and test the effectiveness of Iowa Aquatic Gap Analysis Project 
(IAGAP) species distribution models.  We sampled fish assemblages from 86 wadeable 
stream segments in the Mississippi River drainage of Iowa during 2009 and 2010 to provide 
contemporary, independent fish species presence-absence data.  Frequencies of occurrence in 
stream segments where species were historically documented varied from 0.0% for redfin 
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shiner Lythrurus umbratilis to 100.0% for American brook lamprey Lampetra appendix with 
a mean of 53.0%, suggesting the status of Iowa fish SGCN is highly variable.  Cohen’s kappa 
values and other model performance measures were calculated by comparing field collected 
presence-absence data with IAGAP model predicted presences and absences for 12 fish 
SGCN.  Kappa values varied from 0.00 to 0.50 with a mean of 0.15.  Models only predicted 
the occurrences of banded darter Etheostoma zonale (κ = 0.50; P = 0.02), southern redbelly 
dace Phoxinus erythrogaster (κ = 0.34; P = 0.02), and longnose dace Rhinichthys cataractae 
(κ = 0.42; P = 0.04) more accurately than would be expected by chance.  Overall, the 
accuracy of the twelve models was low with a mean correct classification rate of 58.3%.   
Poor model performance likely reflects the difficulties associated with modeling the 
distribution of rare species and the inability of the large-scale habitat variables used in 
IAGAP models to explain variation in fish species occurrences.  Our results highlight the 
importance of quantifying confidence in species distribution model predictions with an 
independent dataset and the need for long-term monitoring efforts to better understand 
distributional trends and habitat associations of fish SGCN. 
 
Introduction 
 Freshwater systems are among Earth’s most ecologically important, yet imperiled 
ecosystems (Dudgeon et al. 2006).  Factors contributing to the imperilment of freshwater 
systems include water pollution, flow alteration, physical habitat degradation, and 
introductions of nonnative species (Allan and Flecker 1993; Dudgeon et al. 2006).  
Consequently, many freshwater species are vulnerable to extinction (Richter et al. 1997; 
Jelks et al. 2008).  For example, 700 North American freshwater and diadromous fish taxa 
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have been identified as endangered, threatened, or vulnerable (Jelks et al. 2008).  
Additionally, 61 fish taxa have been identified as extinct in North America (Jelks et al. 2008) 
and Ricciardi and Rasmussen (1999) suggested freshwater species extinctions will continue 
at a rate five times faster than for terrestrial species.  One approach for improving the status 
of freshwater species is protecting and enhancing critical habitats.  Thus, understanding the 
distributions and habitat requirements of imperiled fish species is necessary for ensuring the 
success of conservation efforts. 
 Modeling species distributions is an important tool for addressing many issues in 
natural resources (Guisan and Thuiller 2005) and modeling fish species distributions with the 
aid of computer-based statistical methods can be an effective conservation tool for fisheries 
managers (Olden and Jackson 2001; Wall et al. 2004; Oakes et al. 2005).  Species 
distribution models are commonly used to describe species-habitat relationships, identify 
suitable habitats for species reintroductions, prioritize areas for monitoring and conservation 
efforts, and forecast the effects of land use changes and habitat alterations (Olden and 
Jackson 2002; Lyons et al. 2010).  As habitat loss and degradation continue to threaten fish 
biodiversity in North America (Miller et al. 1989; Richter et al. 1997; Jelks et al. 2008), 
species distribution models are playing an increasingly important role in conservation and 
management (Dauwalter and Rahel 2008; Hayer et al. 2008). 
 Modeling the distributions of fish species is challenging because their occurrences are 
influenced by a combination of abiotic and biotic factors acting at multiple spatial scales 
(Poff 1997; Marsh-Matthews and Matthews 2000; Jackson et al. 2001).  Modeling the 
distribution of fish in lotic systems is further complicated by the hierarchical structuring of 
stream networks where habitat features at smaller scales (e.g., stream reaches) are 
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constrained by processes acting at larger scales (e.g., catchments; Frissel et al. 1986).  The 
influence of landscape features (e.g., elevation, catchment size, surface geology, land cover) 
on aquatic ecosystems and stream fish assemblages is well documented (Richards et al. 1996; 
Allan 2004; Hughes et al. 2006), and modeling species occurrences with large-scale variables 
is attractive because they are easily measured and mapped with a geographic information 
system (GIS).  Similarly, the influence of instream habitat characteristics on stream fauna is 
well studied (Gorman and Karr 1978; Fischer and Paukert 2008; Rowe et al. 2009a).  For 
example, Rowe et al. (2009a) showed that instream measures of depth, substrate size, canopy 
cover, and the availability of instream cover influenced fish assemblages in wadeable Iowa 
streams.  Habitat characteristics measured at smaller spatial scales (e.g., instream cover) not 
only explain considerable variation in fish assemblages, they are also easier to manipulate for 
habitat restoration than landscape features (e.g., elevation).  Thus, identifying the influence 
of processes acting at different spatial scales on fish species distributions is a common goal 
of fisheries ecologists (Wang et al. 2003; Gido et al. 2006; Ruiz and Peterson 2007).   
 Accurate species distribution models are an important tool for fisheries managers, but 
inaccurate models are of questionable value and may even misguide management decisions.  
Unfortunately, no species distribution model is perfect, and the type of model, spatial scale, 
data source, species traits, and species prevalence (i.e., frequency of occurrence) can 
influence accuracy and thus the utility of a model (Manel et al. 2001; Olden and Jackson 
2002; Vaughan and Ormerod 2003; McPherson et al. 2004; Ruiz and Peterson 2007).  All 
errors decrease the potential value of species distribution models, but omission errors (i.e., 
false absence) are the most serious type of error because they may lead to the oversight of 
important conservation areas.  Therefore, models must be assessed for accuracy to gauge 
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confidence in their predictions and identify limitations for users.  Various techniques are 
available for model validation, but the most robust approach is with data independent of the 
data used to estimate model parameters (Olden et al. 2002; Vaughan and Ormerod 2005).  
Proper model validation quantifies confidence in a model’s ability to accurately predict the 
occurrences of species and tests model generality.    
 In Iowa, anthropogenic alterations of the landscape have many direct and indirect 
effects on aquatic ecosystems.  For example, 72% of Iowa’s landscape has been converted to 
row crop agriculture (U.S. Department of Agriculture 2007), and many streams have been 
channelized, wetlands have been drained (e.g., drainage tiling), and riparian habitats have 
been altered.  As a result, stream habitat conditions have been degraded and biodiversity has 
declined (Bulkley 1975; Menzel 1981; Wilton 2004).  Consequently, 68 native fish species 
have been identified as species of greatest conservation need (SGCN) in Iowa (Zohrer 2005).  
Protecting and enhancing existing habitats that benefit SGCN, developing new habitats for 
SGCN, and improving the status of SGCN with broadly-applied conservation efforts are 
priorities in Iowa (Zohrer 2005).  Achieving these goals requires an understanding of 
distributions, abundances, and habitat associations of SGCN.  Unfortunately, monitoring of 
non-game fish species is limited and the status and habitat requirements of many Iowa fish 
SGCN are poorly understood.   
 As part of the U.S. Geological Survey National Gap Analysis Program, the Iowa 
Aquatic Gap Analysis Project (IAGAP) attempted to identify “gaps” in the distribution and 
conservation of Iowa fish species (Loan-Wilsey et al. 2005).  As a component of the IAGAP, 
fish species distributions were modeled using large-scale, GIS-measured, variables.  Only 
3.6% of Iowa’s stream length is on public land.  Thus, IAGAP models may serve as a 
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valuable tool for identifying critical habitats for fish SGCN and locations where conservation 
efforts and land acquisitions will provide the greatest benefit.  However, the effectiveness of 
IAGAP models needs to be validated with an independent dataset before they are used for 
conservation planning.  Additionally, the status of fish SGCN warrants further evaluation to 
aid in prioritization of conservation efforts among species.  The objectives of this study were 
to (1) evaluate the status of fish SGCN by comparing historical and contemporary fish 
assemblage surveys and (2) test the effectiveness of IAGAP models for predicting the 
occurrence of fish SGCN in wadeable Iowa streams.   
 
Methods 
Aquatic gap database and distribution models 
 As part of the IAGAP, existing fish assemblage survey data were compiled and used 
to develop distribution models for fish species in Iowa’s streams and rivers (Loan-Wilsey et 
al. 2005).  Fish assemblage data were obtained from published literature, agency reports, 
museum collections, Iowa Department of Natural Resources reports and field notes, 
statewide biological survey databases, graduate theses and dissertations, and unpublished 
field notes (Loan-Wilsey et al. 2005).  The IAGAP database was completed in 2005 and 
contains 10,993 fish assemblage samples collected from 2,969 unique U.S. Geological 
Survey National Hydrography Dataset stream segments between 1884 and 2002.     
 Following the approach of Sowa et al. (2004), Loan-Wilsey et al. (2005) created 
distribution models for 106 fish species using decision tree analyses.  AnswerTree® 3.1 
statistical software (SPSS 2001) and the exhaustive chi-squared automatic interaction 
detector algorithm were used to develop decision tree models based on fish species presence-
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absence data in the IAGAP database.  The data for all fish assemblage samples were spatially 
linked to National Hydrography Dataset stream segments and IAGAP models predicted the 
presence or absence of fish species at the same stream segment scale.  Sixteen GIS-measured 
habitat variables characterizing flow, stream size, downstream segment size, gradient, 
elevation, soil texture, subregion, and temperature were spatially linked to each stream 
segment and used as predictor variables in the decision tree analyses (Table 1).  Loan-Wilsey 
et al. (2005) used methods similar to Sowa et al. (2004) to construct and “prune” each 
decision tree.  To prevent overfitting of the models, a maximum of seven levels were allowed 
in the decision trees.  However, models never reached the maximum number of levels.  The 
minimum number of collections allowable in a parent node (i.e., a node that is split) was set 
at 10% of the total number of collection records in the input dataset and the minimum 
number of collections in a child node (i.e., a node resulting from the splitting of a parent 
node) was set to one.  The alpha level for splitting and merging was 0.05 and a Bonferroni 
adjustment was used to allow for the correction of alpha levels for multiple comparisons.  
The constructed decision tree models were further pruned to correct for overfitting by 
removing branches and terminal nodes.  A “relative 50%-approach” used to prune decision 
tree models in other Aquatic GAP projects was used to identify which nodes to include in 
each species’ final model (e.g., Sowa et al. 2004; Hayer et al. 2008).  The product of each 
species’ model was a dendrogram with a set of mutually-exclusive decision rules identifying 
predictor variables (i.e., habitat variables) associated with the species presence or absence.  
Decision tree models were reconstructed in a GIS-compatible code and applied to each 
respective species’ historic geographic distribution at the 8-digit hydrologic unit code scale.  
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This enabled prediction of a species’ presence or absence in every stream segment within the 
species’ historic distribution. 
 
Sample site and species selection 
 Sample sites and species were selected to enable the evaluation of species status and 
IAGAP model performance for the maximum number of fish SGCN.  Three categories of 
wadeable (i.e., 2nd-5th order) stream segments within each species’ respective distribution 
were identified, and included: (1) previously sampled stream segments where the species was 
previously documented (documented, D) within the last 50 years (i.e., since 1958), (2) stream 
segments that have not been previously sampled where the species was predicted (predicted, 
P) to be present by the IAGAP model, and (3) stream segments that have not been previously 
sampled where the species was not predicted (not predicted, N) to be present.  Documented 
stream segments were selected to evaluate the status of species, and predicted and not 
predicted stream segments were selected to provide an independent dataset for IAGAP model 
validation.  Distributions of the three stream segment categories for all SGCN were overlaid 
and 12 species were selected to optimize sampling efficiency; including,  banded darter 
Etheostoma zonale, Mississippi silvery minnow Hybognathus nuchalis, American brook 
lamprey Lampetra appendix, redfin shiner Lythrurus umbratilis, Ozark minnow Notropis 
nubilus,  slender madtom Noturus exilis, tadpole madtom Noturus gyrinus, logperch Percina 
caprodes, blackside darter Percina maculata, slenderhead darter Percina phoxocephala, 
southern redbelly dace Phoxinus erythrogaster, and longnose dace Rhinichthys cataractae    
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Fish sampling 
 Fish assemblages were sampled from 86 wadeable stream segments in the Mississippi 
River drainage of Iowa during the spring and summer (i.e., May-August) of 2009 and 2010 
(Figure 1).  Twenty-one stream segments were sampled from the Central Plains aquatic 
subregion and 65 stream segments were sampled from the Eastern Broadleaf Forest (EBF) 
aquatic subregion.  Aquatic subregions are regions with unique geological characteristics, 
climate conditions, and riverine assemblages (Sowa et al. 2004).  Aquatic subregions are 
similar to ecoregion provinces defined by Bailey (1995), but boundaries were delineated by 
the Missouri Resource Assessment Partnership (MoRAP; University of Missouri, Columbia) 
to align with drainage divides.  The Central Plains aquatic subregion is characterized by thick 
loess deposits over flat to gently sloping terrain with wide stream valleys.  Many Central 
Plains streams were historically dominated by fine silt and sand substrates and sediment 
input has been exacerbated by the conversion of native prairie to cropland.  The EBF 
subregion of Iowa has also been altered for agricultural use, but is geologically more diverse 
than the Central Plains subregion.  The EBF contains the Paleozoic Plateau ecoregion which 
was less impacted by glaciation than other Iowa ecoregions, and is characterized by high 
topographic relief, rocky outcroppings, and dense forests (Griffith et al. 1994).   
 Sample reaches within stream segments were 300-400 m in length and visually 
divided into macrohabitat units identified as riffles, pools, runs, or off-channel units.  When 
feasible, sample reaches were selected to encompass as many different macrohabitat units as 
possible and be greater than 100 m from a major artificial structure (e.g., bridge, low-head 
dam).  All fish sampling occurred during base flow conditions to minimize sampling 
inefficiencies associated with high flow, depth, and turbidity.  Fish assemblages were 
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sampled in each macrohabitat separately using single-pass upstream electrofishing with a 
pulsed-DC electrofishing unit (Simonson and Lyon 1995).  When feasible, a generator-
powered, barge-mounted VVP-15B (Smith-Root Inc., Vancouver, WA, USA) electrofishing 
unit was used.  However, if stream reaches were too shallow or inaccessible, a battery-
powered backpack LR-20 (Smith-Root Inc., Vancouver, WA, USA) electrofishing unit was 
used.  For both backpack and barge-mounted electrofishing, three netters used 6.34 mm mesh 
dipnets to collect fishes.  An effort was made to sample all available habitat types in each 
macrohabitat and extra effort was directed towards structures likely to contain fish (e.g., 
woody debris, undercut banks, boulders).  Voltage output was adjusted to maximize 
efficiency and reduce incidental mortality in each sample reach.  Fish were collected in each 
macrohabitat, examined for external abnormalities, identified, counted, and released.  Up to 
five voucher specimens of each SGCN per sample reach were preserved in a 10% formalin 
solution.  Fish that could not be identified in the field were also preserved and transported to 
the laboratory for identification.    
 
Status evaluation 
 Fish species presence-absence data collected from documented stream segments were 
used to evaluate the status of fish SGCN.  Specifically, the frequency of occurrence of each 
selected species in documented stream segments was used as an index of species status.  If a 
species was frequently collected from stream segments where it was previously documented, 
we hypothesized that the species’ distribution was stable.  If a species was not frequently 
collected in stream segments where it was previously documented, we hypothesized that the 
species distribution was declining.  Similar comparisons of contemporary fish assemblage 
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survey data to historical survey data have been used to evaluate distributional trends of 
warmwater fishes elsewhere (Patton et al. 1998; Piller et al. 2004).   
 If a species’ detection probability is less than one, omission errors may occur (i.e., the 
species is present but not collected; MacKenzie et al. 2002; Tyre et al. 2003; Gu and Swihart 
2004).  Thus, the species may be incorrectly classified as absent, resulting in the false 
conclusion that the species’ distribution is declining.  In other words, if a species was not 
collected in a stream segment, it could be because the species was truly absent or because the 
species was present and simply not collected.  Therefore, we were cautious in our 
interpretation of species status because if a species was collected in less than 100% of 
documented stream segments it may be due to a declining distribution, imperfect detection, 
or a combination of these factors. 
 
Model validation 
 Iowa Aquatic Gap Analysis Project distribution models were evaluated for each of the 
12 selected species using presence-absence data collected from predicted and not predicted 
stream segments within each species’ historic distribution.  Confusion matrices were created 
for each species by comparing model predicted presences and absences to surveyed 
presences and absences (Fielding and Bell 1997).  Each stream segment was classified as a 
true presence (i.e., the species was both predicted to be present and collected), false presence 
(i.e., the species was predicted to be present, but not collected), false absence (i.e., the 
species was not predicted to be present, but collected), or true absence (i.e., the species was 
not predicted to be present and was not collected) for each species.  Confusion matrices were 
used to calculate several accuracy measures for each species distribution model. 
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 The primary statistic used to evaluate model performance was Cohen’s kappa (κ), 
which is an index used to assess the correct classification of events (i.e., presence or absence) 
relative to what would be expected by random chance (Cohen 1960).  Kappa values equal to 
or less than zero indicate model performance no better than random chance, whereas a kappa 
value of one indicates perfect model performance.  Landis and Koch (1977) arbitrarily 
characterized kappa values of 0.0-0.2 to indicate “slight” performance, 0.2-0.4 “fair” 
performance, 0.4-0.6 “moderate” performance, 0.6-0.8 “substantial” performance, and values 
of 0.8-1.0 “almost perfect” performance.  Cohen’s kappa is commonly used in the medical 
and remote sensing fields (Congalton 1991; Manel et al. 2001) and has been extensively used 
to evaluate species presence-absence models (Collingham et al. 2000; Olden and Jackson 
2001; Rushton et al. 2004; Hayer et al. 2008).  Kappa may be overly sensitive to species 
prevalence (McPherson et al. 2004; Vaughan and Ormerod 2005); however, Manel et al. 
(2001) found kappa to be a robust indicator of model performance that was negligibly 
influenced by species prevalence.  The standard error, significance, and 95% confidence 
interval of kappa can be easily calculated and used to test the null hypothesis that kappa is 
equal to zero (Titus et. al. 1984).  
 In addition, model sensitivity, specificity, and correct classification rates (CCR) were 
calculated from confusion matrices to evaluate model performance (Fielding and Bell 1997).  
Sensitivity is the proportion of observed presences correctly predicted and specificity is the 
proportion of observed absences correctly predicted.  Low values of sensitivity and 
specificity correspond with increased omission and commission errors, respectively.  Correct 
classification rates were also used to assess model accuracy, and represent the percentage of 
presences and absences predicted correctly.  Sensitivity, specificity, and correct classification 
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rates provide insight on model performance, but are highly influenced by species prevalence 
and must be interpreted with caution (Manel et al. 2001).  For example, Manel et al. (2001) 
found that sensitivity increased and specificity decreased with increasing species prevalence.   
 Even when independent data are used to evaluate the accuracy of a species 
distribution model, the interpretation of model accuracy may be influenced by species 
distributional trends, prevalence, and detection probability (Manel et al. 2001; Gu and 
Swihart 2004; McPherson et al. 2004).  For instance, IAGAP models were developed with 
historical data (i.e., 1884-2002) and poor model performance may reflect declines in species 
distributions rather than model inadequacies.  In other words, IAGAP models may predict the 
historical distribution of fish species accurately, but they may overestimate their 
contemporary distributions due to declines in species distributions.  Furthermore, if the 
detection probability of a species is less than zero, the frequency of occurrence of the species 
may be underestimated due to omission errors.  Therefore, as an additional analysis, IAGAP 
models were evaluated by comparing relative differences in the frequency of occurrence of 
each species in the three stream segment categories (i.e., documented, predicted, not 
predicted).  Comparing the relative difference between the frequency of occurrence in 
predicted and documented stream segments provides insight to those interested in 
maximizing their likelihood of finding each species.  Similarly, comparing the relative 
difference between the frequency of occurrence in predicted and not predicted stream 
segments provides insight to those who hope to use IAGAP models to increase their 
likelihood of finding species in stream segments that have not been previously sampled.  If 
species detection probabilities and distributional trends are consistent across stream segment 
categories, potential biases are negligible and relative differences in the frequency of 
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occurrence of each species can be identified.  Fisher’s exact test was performed to test the 
null hypothesis that each species’ occurrence did not significantly (α = 0.05) differ between 
stream segment categories (Fleiss 1981).  All analyses were performed using the R program 
(R Development Core Team 2009). 
 
Results  
 The number of stream segments sampled in the documented category for the 12 
selected species varied from one for Mississippi silvery minnow and logperch to 21 for 
blackside darter (Table 2).  Thus, the status of the Mississippi silvery minnow and logperch 
were not evaluated due to an insufficient sample size in this stream segment category.  
Frequencies of occurrence in documented stream segments for the remaining ten species 
varied from 0.0% for redfin shiner to 100.0% for American brook lamprey with a mean of 
53.0% (SE = 10.4; Figure 2).  Frequencies of occurrence greater than 80.0% in documented 
stream segments suggest that the current distributions of banded darter, American brook 
lamprey, and southern redbelly dace are similar to historical distributions.  Similarly, Ozark 
minnow and longnose dace were collected in 66.7% and 73.3% of documented stream 
segments, suggesting relatively stable distributions.  In contrast, as strong evidence of 
declining distributions, redfin shiner, slender madtom, tadpole madtom, blackside darter, and 
slenderhead darter were collected in 40.0% or fewer of the stream segments where previously 
documented.   
 Fish species distribution models were evaluated with accuracy metrics calculated 
from confusion matrices for all 12 selected species.  The number of stream segments sampled 
for each species varied from 6 to 26 in predicted stream segments and 8 to 31 in not predicted 
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stream segments (Table 2).  Overall correct classification rates varied from 0.34 for the 
tadpole madtom model to 0.84 for the banded darter model (Table 3).  Kappa values varied 
from 0.00 to 0.50 with a mean of 0.15 (SE = 0.05), and were only significantly greater than 
zero for banded darter (κ = 0.50; P = 0.02), southern redbelly dace (κ = 0.34; P = 0.02), and 
longnose dace (κ = 0.42; P = 0.04) models.  Model specificity (i.e., proportion of observed 
absences correctly predicted) varied from 0.34 for the tadpole madtom model to 0.90 for the 
banded darter model and was greatest for models with kappa values significantly greater than 
zero.  Model sensitivity (i.e., proportion of observed presences correctly predicted) was 
greatest for redfin shiner and slenderhead darter, both of which were only collected from one 
stream segment.  For IAGAP models that performed significantly better than random chance 
(i.e., κ ≥ 0.0, P ≤ 0.05), model specificity was always greater than model sensitivity.  Thus, 
the three significant models were able to predict species absences with more accuracy than 
species presences.         
 Model performance was further evaluated by comparing frequencies of occurrence 
between stream segment categories for all 12 species.  Frequencies of occurrence where 
previously documented were significantly greater than where predicted for American brook 
lamprey, Ozark minnow, and tadpole madtom (Figure 2).  Thus, the probability of finding 
these species was greatest in stream segments where they had been previously documented.  
There were no significant differences between the frequencies of occurrence in documented 
stream segments and predicted stream segments for the remaining nine species.  Furthermore, 
frequencies of occurrence in predicted stream segments did not differ significantly from 
frequencies of occurrence in not predicted stream segments for 10 of the 12 species.  These 
results suggest IAGAP models failed to differentiate between sites where species were 
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present or absent for a majority of the species.  However, models were able to effectively 
predict the occurrences of banded darter and longnose dace, which were collected in a 
significantly greater frequency of predicted stream segments than not predicted stream 
segments.   
 The relationship between species status and IAGAP model performance suggests that 
IAGAP models performed best for species that exhibited a stable distribution (Figure 3).  For 
example, redfin shiner, slender madtom, tadpole madtom, blackside darter, and slenderhead 
darter all exhibited apparent declines in distribution, and their respective IAGAP models did 
not perform significantly better than chance.  Whereas, southern redbelly dace, banded 
darter, and longnose dace exhibited stable distributions, and their respective IAGAP models 
had fair to moderate performance.  However, this trend did not hold true for Ozark minnow 
and American brook lamprey.  Both of these species exhibited stable distributions, but 
IAGAP models did not predict their occurrences more accurately than would be expected by 
random chance.  Thus, poor performance of some IAGAP models may be attributed to 
declining species distributions, but other factors are responsible for the poor performance of 
other IAGAP models. 
  
Discussion 
 Understanding the status of imperiled species is vital to the prioritization of 
conservation efforts.  However, reactionary efforts to conserve species that have exhibited 
substantial declines are often less successful and more costly than for species whose 
population declines are detected prior to the point of endangerment (Jennings 2000; Tear et 
al. 1993).  Thus, monitoring species and identifying declines before they become irreversible 
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is important for conservation success.  Results of our study suggest that the status of Iowa 
stream fish SGCN is highly variable.  Three of 10 species were collected in over 80.0% of 
stream segments where previously documented, whereas half of the species were collected in 
less than 40.0% of stream segments where previously documented.  The most extreme 
decline in distribution was detected for the redfin shiner which was not collected in any of 
the 13 stream segments where it was previously documented.  Between these extremes, 
Ozark minnow and longnose dace were collected in 66.7% and 73.3% of documented stream 
segments.  Although declines in the distributions of these two species are less substantial 
than others, subtle declines may be early indicators of impending imperilment.   
 The historical extent of species distributions was a noticeable difference between 
species with high (i.e., ≥ 60.0%) and low frequencies (i.e., ≤ 40.0%) of occurrence in 
documented stream segments.  Species with distributions entirely or mostly confined to the 
EBF subregion exhibited relatively stable distributions.  For example, American brook 
lamprey, Ozark minnow, and longnose dace all have distributions mostly confined to the 
EBF subregion of the Mississippi River drainage of Iowa (Harlan and Speaker 1969), and all 
occurred in greater than 65.0% of documented stream segments.  Similarly, the southern 
redbelly dace was historically most common in the EBF subregion (Harland and Speaker 
1969) and for this study it was prevalent in wadeable streams throughout the EBF and 
collected in 82.4% of documented stream segments.  Species with historic distributions less 
confined to the EBF subregion, extending into the Central Plains subregion, exhibited greater 
declines.  For example, blackside darter, slenderhead darter, and redfin shiner were 
historically found throughout the Mississippi River drainage of Iowa.  Our results suggest 
that the distribution of all three species has likely declined since they were collected from 
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less than 40.0% of documented stream segments.  These differences in distributional trends 
of fish SGCN may be attributed to differences in the geological characteristics (Griffith et al. 
1994), habitat conditions, and agricultural intensities within their distributions.  Although 
agricultural practices are pervasive across Iowa, the intensity varies by ecoregion (Heitke et 
al. 2006).  Heitke et al. (2006) and others (e.g., Wilton 2004) identified trends of increasing 
ecological integrity and changing habitat conditions associated with differences in ecoregions 
following a southwest to northeast gradient.  This is consistent with the stable distributions 
we detected for fish species with distributions largely constrained to the EBF subregion of 
northeastern Iowa.   
 Agricultural practices have been shown to degrade aquatic habitats and fish 
assemblages in many regions (Karr et al. 1985; Waters 1995; Roth et al. 1996; Wang et al. 
1997), including Iowa (Wilton 2004; Heitke et al. 2006; Rowe et al. 2009a).  Increased 
sedimentation has been identified as one of the most common consequences of agricultural 
practices (Waters 1995; Walser and Bart 1999), resulting in decreased stream habitat 
complexity, fish diversity, and specifically the abundance of benthic insectivores (Berkman 
and Rabeni 1987; Walser and Bart 1999; Quist et al. 2003; Heitke et al. 2006).  Slender 
madtom, blackside darter, and slenderhead darter are all benthic insectivores suggested to be 
intolerant of severe siltation, and intensive agricultural practices throughout portions of their 
distributions in Iowa may be a leading cause for declines.  Lyons (1996) shared a similar 
conclusion and partly attributed the decline of slender madtom in Wisconsin to agricultural 
practices and other anthropogenic habitat alterations.       
 Understanding the status of fish SGCN in systems other than wadeable streams is also 
important for identifying conservation needs.  For example, Neebling and Quist (2010) 
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reported greater frequencies of occurrence for slenderhead darter and logperch in non-
wadeable river reaches in Iowa than reported in this study.  Additionally, Neebling and Quist 
(2010) reported the first interior river collections of spotted gar and skipjack herring in Iowa 
along with the first collection of western sand darter since 1958.  These findings emphasize 
the lack of non-game fish monitoring efforts in Iowa, and the need for adequate monitoring 
of all aquatic systems and fish species to further our understanding of species-habitat 
associations and distributional trends.         
 Conserving aquatic biodiversity requires understanding the processes that influence 
species distributions and the use of statistical models will continue to be an important 
approach for understanding these relationships.  However, predicting the distribution of fish 
species is challenging because the type of model, spatial scale, and species-specific 
characteristics (e.g., behavior, prevalence, habitat associations) can influence model 
accuracies and their effectiveness as a management tool (Manel et al. 2001; Olden and 
Jackson 2002; Ruiz and Peterson 2007).  Thus, assessing the value and limitations of species 
distribution models will continue to be of central importance to fisheries scientists (Leftwich 
et al. 1997; Olden and Jackson 2002; Ruiz and Peterson 2007; Hayer et al. 2008).  For this 
study, we evaluated the effectiveness of IAGAP species distribution models for predicting 
the occurrences of fish SGCN in wadeable Iowa streams and assessed their value as potential 
conservation planning tools. 
 Conventionally, the accuracy of species distribution models is evaluated by re-
substituting the same data used to estimate model parameters, and with simple measures of 
accuracy that fail to account for species prevalence (e.g., correct classification rates; Fielding 
and Bell 1997; Manel et al. 2001).  However, the results of this study and others (e.g., 
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Fielding and Bell 1997; Manel et al. 2001; Olden et al. 2002; Vaughan and Ormerod 2005) 
identify the risks associated with such approaches and emphasize the need for more robust 
techniques.  We evaluated the accuracy of IAGAP model predictions against an independent 
dataset and used Cohen’s kappa value as a robust measure of model accuracy that is less 
influence by species prevalence than correct classification rates (Manel et al. 2001; Olden et 
al. 2002).  Our results revealed that IAGAP models only predicted the occurrences of three 
SGCN better than would be expected by chance.  Specifically, kappa values were 
significantly greater than zero for banded darter, southern redbelly dace, and longnose dace 
models, but not for the remaining nine species models.  Similarly, Oakes et al. (2005) 
reported variable success in predicting the occurrences of rare species of special conservation 
concern in a Great Plains river basin.   
 Testing species distribution models against independent data is an important step in 
model validation because the intended application of these models is generally for use with 
new data.  Other studies have reported results similar to ours when testing fish species 
distribution models with independent data (Porter et al. 2000, Rashleigh et al. 2005).  For 
instance, Porter et al. (2000) developed models that accurately predicted the presence and 
absence of thirteen fish species in the Blackwater River drainage of British Columbia, but 
model performances were greatly reduced when applied to data collected from a distant 
drainage.  In the Mid-Atlantic Highlands region of the eastern USA, Rashleigh et al. (2005) 
also found that species distribution model performances decreased when applied to an 
independent dataset, and only nine of thirteen models performed better than chance.  Correct 
classification rates of IAGAP models may have been interpreted as satisfactory if other 
accuracy measures were ignored.  For example, the slenderhead darter model correctly 
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classified 68% of presences and absences; however, the model did not perform significantly 
better than would be expected chance.  By assessing model sensitivity and specificity we 
were able to further assess model limitations and the potential risks of using IAGAP models 
to identify priority conservation areas.  For example, low model sensitivity (i.e., proportion 
of observed presences correctly predicted) may lead to the oversight of areas with suitable 
habitat and conservation importance.  Our results revealed that model specificity was greater 
than model sensitivity for all three significant (κ > 0.0; P ≤ 0.05) species distribution models, 
indicating that they were better at predicting species absences than presences.  Thus, users 
relying solely on these models are more likely to overlook important conservation areas than 
expend valuable resources to conserve unsuitable habitats.  Similarly, Olden and Jackson 
(2002) reported greater average model specificity than sensitivity when modeling the 
presence and absence of 27 fish species in southern Ontario lakes.    
 Determining the cause of errors in species distribution models can help the 
interpretation of model predictions and improve the accuracy of future models.  Fielding and 
Bell (1997) identified two categories of prediction errors for species distribution models: 
algorithmic errors and biotic errors.  Algorithmic errors are associated with the limitations 
imposed by data gathering and statistical analyses.  Many recent studies have focused on 
identifying the most appropriate statistical methods for modeling species distributions in an 
attempt to minimize one potential source of error (Olden and Jackson 2002; Oakes et al. 
2005; Steen et al. 2006).  Thus, in an attempt to reduce errors, IAGAP models were 
developed with a robust statistical method (i.e., classification regression tree; Olden and 
Jackson 2002; Oakes et al. 2005; Steen et al. 2006) and a very large dataset (i.e., 10,993 fish 
assemblage samples).  However, many fish SGCN are rare, and distribution models for rare 
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species are particularly prone to algorithmic errors.  By definition, these species are 
uncommon, and thus obtaining adequate data for developing and validating models is 
difficult.  Even when present, rare species may be difficult to detect because of low 
abundances or cryptic behaviors (Gu and Swihart 2004).  Thus, distribution models for rare 
species are likely to exhibit high rates of omission error, underestimate distributions, and 
misrepresent habitat associations (Gu and Swihart 2004; Tyre et al. 2003).  Our results were 
consistent and showed that model performances tended to be low for rarer species.  Although 
modeling errors associated with rare and cryptic species can be problematic, detection 
probabilities can be estimated and used to adjust model performance estimates.  For example, 
Hayer et al. (2008) accounted for species detection probabilities in a similar evaluation of 
Aquatic Gap models for ten rare fish species in South Dakota and reported greater model 
performances than in our study.  Accounting for detection probabilities could help elucidate 
the potential value of IAGAP models, but robust estimates of detection probabilities require 
multiple sampling occasions and a costly trade-off between the number of different sample 
sites and the number of repeated sampling occasions (MacKenzie et al. 2002; Tyre et al. 
2003).  For this study, we attempted to account for spatial variation in species occurrences by 
sampling a large number of stream segments rather than re-visiting sites to estimate detection 
probabilities.      
 Accuracy of IAGAP models may also be influenced by the distributional trends of 
fish species.  Of the nine species distribution models that failed to perform better than 
random chance, five of the species exhibited substantial declines in distribution (i.e., ≥ 60%).  
Since IAGAP models were developed with historical data (i.e., 1884-2002) they may be 
more useful for hind casting the historical distributions of species than accurately predicting 
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present-day occurrences.  Similarly, Steen et al. (2008) suggested that distribution models for 
rare and declining fish species may be useful for predicting potential distributions even if 
they do not accurately predict contemporary occurrences.  We found that the overall 
performance of redfin shiner and slenderhead darter models was poor, but model sensitivity 
was high (i.e., 1.00).  Thus, these models may be useful for identifying suitable habitats 
where the species once persisted, even though they failed to accurately predict current 
distributions. 
 Biotic model errors occur when models or modelers fail to include ecologically 
relevant processes as explanatory variables (Fielding and Bell 1997).  Selecting appropriate 
explanatory variables is challenging because fish species occurrences are influenced by a 
variety of abiotic and biotic factors operating at multiple spatial scales (Poff 1997; Marsh-
Matthews and Matthews 2000; Jackson et al. 2001) and the most influential factors vary by 
species and system (Pont et al. 2005; Monti and Legendre 2009).  Thus, poor IAGAP model 
performance may reflect the inability of large-scale habitat variables to explain substantial 
variation in the occurrences of fish SGCN.  However, determining if IAGAP models failed to 
accurately predict the occurrences of redfin shiner, slender madtom, tadpole madtom, 
blackside darter, and slenderhead darter as a result of biotic model errors is difficult because 
model performances may have been influenced by declines in their distributions.  In contrast, 
American brook lamprey and Ozark minnow did not exhibit substantial declines in 
distribution and the failure of IAGAP models to accurately predict their occurrences may be 
at least partly attributed to biotic model errors. 
 Large-scale habitat features are appealing as independent variables in species 
distribution models because they can be readily obtained from existing spatial databases 
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using a GIS, and have been used to accurately predict the distribution of fish species 
elsewhere (e.g., Oakes et al. 2005; Gido et al. 2006; Steen et al. 2008).  For example, Oakes 
et al. (2005) showed that GIS-measured landscape variables were effective for predicting the 
occurrences of a large number of fish species in a Great Plains river basin using a variety of 
statistical approaches.  In South Dakota, Wall et al. (2004) similarly used GIS-measured 
variables to effectively identify suitable habitats for the federally-endangered Topeka shiner 
Notropis topeka and guide conservation efforts.  Some studies have even reported greater 
success in modeling fish species distributions and densities with large-scale habitat variables 
than with measures of smaller scale habitat features (Leftwich et al. 1997; Creque et al. 
2005).  For example, Creque et al. (2005) found that GIS-measured variables explained more 
variation in the density of five Michigan stream fish species than local site-scale variables.  
Similarly, Leftwich et al. (1997) reported that models created with regional variables (i.e., 
elevation, stream order) correctly predicted the presence and absence of tangerine darter 
Percina aurantiaca more accurately than models created with local (e.g., width, depth) 
variables. 
 Although IAGAP models accurately predicted the distribution of three species with 
large-scale variables, habitat variables measured at other spatial scales may be more effective 
for predicting the distribution of other species.  For example, Ruiz and Peterson (2007) 
suggested that the distributions of habitat generalist fish species are most effectively modeled 
at large-scales, while habitat specialist species distributions are more likely to be accurately 
modeled at smaller-scales.  Similarly, Pont et al. (2005) showed that the relative influence of 
regional- and local-scale habitat variables on fish species occurrences is species-specific.  In 
Iowa, results reported by Rowe et al. (2009a, 2009b) suggest that local-scale habitat features 
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explain substantial variation in stream fish assemblages and that the influence of landscape 
features is primarily indirect.  Furthermore, large-scale variables are unable to account for the 
extent of habitat degradation at the stream reach scale.  Thus, variables characterizing 
instream habitat conditions may be more effective for modeling the distribution of Iowa’s 
stream fish SGCN.  Results reported in a study by Wang et al. (2003) supported this premise 
where reach-scale variables explained more variation in fish assemblages than riparian- or 
watershed-scale variables in minimally-disturbed Midwestern watersheds.  Ultimately, 
species distribution models that include habitat variables measured at multiple spatial scales 
are likely to exhibit the greatest predictive power and interpretive value (Rabeni and Sowa 
1996; Leftwich et al. 1997; Quist et al. 2005).  For example, Quist et al. (2005) used large-
scale abiotic, local-scale abiotic, and local-scale biotic factors within a hierarchical faunal 
filter framework to predict the occurrences of warmwater stream fishes in Wyoming and 
provide insight to the scale at which factors constrained species occurrences.  Thus, future 
efforts should be directed towards understanding the relationships between Iowa fish SGCN 
occurrences and habitat features measured at other spatial scales, such as instream habitat 
descriptors that can be assessed concurrently with fish assemblages (see Chapter 3).     
 As a direct result of this study, the distributional trends of ten Iowa fish SGCN were 
identified.  Unfortunately, the status of many of Iowa’s 68 fish SGCN remains poorly 
understood, and until the distributions and habitat associations of fish SGCN are better 
known, conservation efforts for these species will have limited success.  Although IAGAP 
models performed poorly for species with declining distributions and accurately for species 
with stable distributions, this trend did not hold true for all species.  Thus, poor IAGAP 
model performance likely reflects the difficulties associated with modeling the distribution of 
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rare and declining species, along with difficulties of incorporating the most ecologically-
relevant explanatory variables in species distribution models.  Nonetheless, IAGAP models 
may serve as a useful tool for identifying watersheds and streams with the greatest potential 
of providing suitable habitats for target species, but field sampling should be used to 
supplement and validate model predictions.  Our results highlight the importance of 
quantifying the accuracy of species distribution models and the need for long-term 
monitoring efforts to provide insight on the distributional trends and habitat associations of 
fish species.  Improving upon the ability to accurately predict the occurrences of fish species 
will require future studies on the habitat associations of species at multiple spatial scales.   
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Tables 
Table 1.  Large-scale habitat variables used in decision tree analyses to create the Iowa 
Aquatic Gap Analysis Project fish species distribution models (Loan-Wilsey et al. 2005). 
IAGAP variable Variable description 
DlinkR Shreve link number of the downstream segment 
LinkR Eight categories describing the Shreve link number of the downstream segment, excluding the 
Mississippi River and Missouri River 
 
Dsize_Code Five categories describing the size of the downstream segment 
Flow Three categories differentiating between streams with permanent, intermittent, and unknown flow 
GradRchR Ten categories describing the stream reach gradient 
GradSegR Ten categories describing the stream segment gradient 
Max_ElevR Eight categories describing the elevation at the upstream end of the segment 
Min_ElevR Eight categories describing the elevation at the downstream end of the segment 
Sdiscr_2C Two categories describing the size discrepancy with the downstream segment 
Sdiscr_5 Five categories describing the size discrepancy with the downstream segment 
Sdiscr_11C Eleven categories describing the size discrepancy with the downstream segment 
Soiltext Seventeen categories describing surface soil texture 
Ssize_Code Five categories describing size of segment 
Strahler Strahler stream order of the segment 
Subregion Two categories differentiating between the Central Plains and Eastern Broadleaf Forest subregions 
Temp_Code Two categories differentiating between coolwater and warmwater streams 
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Table 2.  Number of wadeable Iowa stream segments sampled in each stream segment 
category for the twelve selected fish species of greatest conservation need during spring and 
summer 2009 and 2010.  Stream segment categories were identified using the Iowa Aquatic 
Gap Analysis Project database and species distribution models (Loan-Wilsey et al. 2005). 
  
 
Stream segment category 
 
 
Documented Predicted Not predicted 
Species common name Scientific name (D) (P) (N) 
Banded darter Etheostoma zonale 14 8 31 
Mississippi silvery minnow Hybognathus nuchalis 1 11 20 
American brook lamprey Lampetra appendix 6 16 10 
Redfin shiner Lythrurus umbratilis 13 24 16 
Ozark minnow Notropis nubilus 15 18 14 
Slender madtom Noturus exilis 5 7 8 
Tadpole madtom Noturus gyrinus 12 23 12 
Logperch Percina caprodes 1 11 11 
Blackside darter Percina maculata 21 20 20 
Slenderhead darter Percina phoxocephala 12 14 26 
Southern redbelly dace Phoxinus erythrogaster 17 18 21 
Longnose dace Rhinichthys cataractae 9 6 19 
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Figures 
 
Figure 1.  Locations of 86 wadeable (2nd-5th order) stream segments sampled in the 
Mississippi River drainage of Iowa during spring and summer (May-August) 2009 and 2010. 
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Figure 2.  Frequencies of occurrence for twelve selected fish species of greatest conservation 
need in three stream segment categories.  Fish were sampled from 86 stream segments in the 
Mississippi River drainage of Iowa during spring and summer (May-August) 2009 and 2010.  
Categories include stream segments where the species was previously documented (D), 
segments where the species was predicted to be present (P), and segments where the species 
was not predicted to be present (N).  Different letters above bars indicate significant 
differences (Fisher’s exact test; α = 0.05). 
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Figure 3.  Relationship between Iowa Aquatic Gap Analysis Project species distribution 
model performance and the status of 10 fish species of greatest conservation need in 
wadeable Iowa streams.  Species codes: BDDR = banded darter, ABLP = American brook 
lamprey, RFSN = redfin shiner, OZMW = Ozark minnow, SDMT = slender madtom, TPMT 
= tadpole madtom, BKDR = blackside darter, SHDR = slenderhead darter, SRBD = southern 
redbelly dace, LNDC = longnose dace. 
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CHAPTER 3. HABITAT ASSOCIATIONS EVALUATED AT MULTIPLE SPATIAL 
SCALES FOR IOWA FISH SPECIES OF GREATEST CONSERVATION NEED  
 
A manuscript to be submitted for publication in the Canadian Journal of Fisheries and 
Aquatic Sciences. 
 
Anthony R. Sindt
1,2
, Michael C. Quist
3
, Clay L. Pierce
4
 
 
Abstract 
 Fish and habitat data were collected from 84 wadeable stream reaches in the 
Mississippi River drainage of Iowa to predict the occurrences of seven fish species of 
greatest conservation need and identify the relative influence and importance of habitat 
variables measured at small (e.g., depth, velocity, coarse substrate) and large scales (e.g., 
stream order, elevation, gradient) on species occurrences.  Multiple logistic regression 
analysis was used to predict fish species occurrences using all possible combinations of five 
large-scale variables, thirteen small-scale variables, and all eighteen large- and small-scale 
variables.  Akaike information criterion was used to rank candidate models, weight model 
parameters, and calculate model-averaged predictions.  On average, correct classification 
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rates (CCR = 0.80) and Cohen’s kappa values (κ = 0.59) were greatest for multiple-scale 
models, intermediate for small-scale models (CCR = 0.75; κ = 0.49), and lowest for large-
scale models (CCR = 0.73; κ = 0.44).  However, large-scale models performed better than 
small-scale models for two species.  The occurrence of each species was associated with a 
unique combination of large- and small-scale variables.  Our results support the necessity of 
understanding the factors that constrain the distribution of fishes across spatial scales to 
ensure that management decisions and actions occur at the appropriate scale.          
 
Introduction 
 
 Conservation of freshwater ecosystems is a common goal of resource managers, and 
understanding species distributions and habitat requirements greatly increases the probability 
of successful ecosystem restoration, renovation, or preservation.  Furthermore, understanding 
species-habitat relationships can provide insight on the effects of landuse practices, habitat 
alterations, and climate changes on species distributions (Wang et al. 2003; Wall et al. 2004; 
Lyons et al. 2010).  Modeling species distributions is an important tool for addressing many 
issues in conservation (Guisan and Thuiller 2005) and using predictive occurrence models to 
further the understanding of fish species relationships with habitat features is common in 
freshwater systems (e.g., Olden and Jackson 2001; Wall et al. 2004; Rich et al. 2003; Steen et 
al. 2008).  As habitat loss and degradation continue to threaten fish biodiversity in North 
America (Miller et al. 1989; Richter et al. 1997; Jelks et al. 2008), species distribution 
models are playing an increasingly important role in conservation.  However, predicting the 
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distribution of fish species is challenging because fish species occurrences are influenced by 
a combination of abiotic and biotic processes acting across multiple spatial and temporal 
scales (Poff 1997; Marsh-Matthews and Matthews 2000; Jackson et al. 2001).  A further 
challenge is that the most influential processes vary by species and system (Pont et al. 2005; 
Monti and Legendre 2009).   
 The direct link between landscapes and aquatic ecosystems is well understood 
(Vannote et al. 1980; Allan 2004) and the relationships between processes acting at larger 
scales and habitats and biota at smaller scales are of great interest to aquatic ecologists 
(Richards et al. 1996; Wang et al. 2003; Hughes et al. 2006; Rowe et al. 2009b).  Habitat 
variables measured at large scales are often able to explain substantial variation in fish 
assemblages, particularly in highly variable landscapes (e.g., Rocky Mountain streams; Rahel 
and Hubert 1991) or across large spatial scales (e.g., entire midwestern, U.S.; Marsh-
Matthews and Matthews 2000).  Additionally, modeling species occurrences with large-scale 
habitat variables is economical since they are easily measured with a geographic information 
system (GIS), eliminating the need for resource-intensive field sampling (Wall et al. 2004; 
Oakes et al. 2005; Steen et al. 2008).  However, in other regions large-scale habitat variables, 
such as land use, may not effectively explain variation in fish assemblage structure (Rich et 
al. 2003; Heitke et al. 2006; Rowe et al. 2009b). 
 Relationships between fish assemblages and environmental features measured at 
small scales are also well documented (Gorman and Karr 1978; Schlosser 1982; Lobb and 
Orth 1991).  The influence of instream physical habitat features (e.g., depth, substrate 
composition) on food, refuge, and spawning habitat availability are easy to conceptualize, 
and the subsequent influence on fish assemblages are well studied (Fischer and Paukert 2008; 
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Rowe et al. 2009a).  Thus, many studies have used instream habitat variables to explain the 
distribution or abundance of fish species (e.g., Hubert and Rahel 1989; Quist et al. 2005; 
Rashleigh et al. 2005).  Furthermore, understanding constraints on fish species occurrences 
measured at small scales (e.g., canopy cover) may be most useful for conservation efforts 
since they can be more easily manipulated for restoration than landscape features (e.g., 
elevation).   
 Identifying the factors and spatial scales most influencing fish species occurrences 
remains a central focus of fisheries ecologists (e.g., Leftwich et al. 1997; Porter et al. 2000; 
Rich et al. 2003; Pont et al. 2005).  Biotic communities are influenced by a hierarchical 
system of constraints in which large-scale processes constrain processes at smaller scales 
(Tonn 1990; Poff 1997; Dunham and Peterson 2010).  This is especially evident for stream 
habitats that are hierarchically organized within catchments, segments, reaches, 
macrohabitats, and microhabitats (Frissel et al. 1986).  Although large-scale variables may 
act as surrogate measures of local habitat conditions, they cannot explain all of the variability 
at smaller scales.  Thus, habitat variables measured at small scales are expected to explain 
substantial variation in fish species occurrences, and species occurrence models that account 
for variation in habitat features measured at multiple spatial scales are likely to provide more 
predictive power and transferability than models incorporating variables measured at a single 
spatial scale (Leftwich et al. 1997; Rich et al. 2003; Pont et al. 2005).  
 In Iowa, 68 of approximately 144 fish species are classified as species of greatest 
conservation need (SGCN), and protecting and enhancing habitats to improve their status is a 
high priority (Zohrer 2005).  However, the distribution and habitat associations of most Iowa 
stream fish species are poorly understood.  Therefore, understanding factors influencing the 
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occurrences of stream fauna at multiple spatial scales is important for guiding conservation 
efforts (Lewis et al. 1996; Rabeni and Sowa 1996; Durance et al. 2006; Dunham and 
Peterson 2010).  For this study, our objectives were to (1) predict the occurrences of fish 
SGCN using habitat variables measured at a large scale, small scale, and at both scales (i.e., 
multiple-scale), (2) identify important large-scale and small-scale habitat features that 
influence each species occurrence, and (3) evaluate the relative influence of large- and small-
scale habitat variables on fish species occurrences.  Furthermore, since inaccurate species 
distribution models may be more detrimental than beneficial to conservation efforts, models 
were validated using an independent dataset to gauge confidence in model predictions and 
test model generality.  Although large-scale variables are likely to explain variability in 
small-scale habitat conditions and biotic communities, we expected that the most effective 
scale for predicting species occurrences would be species dependent due to variability in 
species-specific habitat associations.  Ultimately, we hypothesized that the inclusion of 
habitat variables measured at multiple spatial scales would explain the most variability in 
species occurrences and exhibit the greatest model generality.   
 
Methods 
 
Study area and field sampling 
 Fish assemblages and small-scale physical habitat characteristics were sampled from 
84 wadeable (i.e., 2nd-5th order) Iowa stream reaches during the spring and summer (i.e., 
May-August) of 2009 and 2010 (Figure 1).  Stream reaches were selected to optimize 
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sampling efficiency of SGCN in three stream segment categories for a concurrent study (see 
Chapter 2).  The three stream segment categories within each species’ respective distribution 
included: (1) previously sampled stream segments where the species was previously 
documented within the last 50 years (i.e., since 1958), (2) stream segments that have not been 
previously sampled where the species was predicted to be present by an existing species 
distribution model (i.e., Iowa Aquatic Gap Analysis Project; Loan-Wilsey et al. 2005), and 
(3) stream segments that have not been previously sampled where the species was not 
predicted to be present.  Sixty-eight Iowa fish species are classified as SGCN and knowledge 
about habitat associations for all SGCN is needed to guide conservation efforts (Zohrer 
2006).  However, only seven species were present in a sufficient number of the 84 sampled 
stream reaches to further our understanding of the factors associated with their occurrences.  
The seven species include banded darter Etheostoma zonale, American brook lamprey 
Lampetra appendix, Ozark minnow Notropis nubilus, blackside darter Percina maculata, 
southern redbelly dace Phoxinus erythrogaster, longnose dace Rhinichthys cataractae, and 
central mudminnow Umbra limi.   
 All sampled stream reaches were located in the Mississippi River drainage of Iowa 
which contains 34 eight-digit hydrologic unit code watersheds and portions of seven 
ecoregions (i.e., Des Moines Lobe, Loess Hills and Steeply Rolling Prairies, Southern Iowa 
Rolling Loess Prairies, Central Irregular Plains, Iowan Surface, Paleozoic Plateau, Interior 
River Lowland; Griffith et al. 1994).  The 84 stream reaches were sampled from 18 
watersheds and included those from the Iowan Surface (47), Des Moines Lobe (15), Southern 
Iowa Rolling Loess Prairies (14), and Paleozoic Plateau (8) ecoregions.  Stream reaches were 
also sampled from both of Iowa’s aquatic subregions (i.e., Eastern Broadleaf Forest, Central 
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Plains) that have unique physiographic characteristics and riverine assemblages (Sowa et al. 
2004).  Aquatic subregions are similar to ecoregion provinces defined by Bailey (1995), but 
boundaries were delineated by the Missouri Resource Assessment Partnership (MoRAP; 
University of Missouri, Columbia) to align with drainage divides.  Twenty-one of the 
sampled stream reaches were in the Central Plains aquatic subregion that is characterized by 
thick loess deposits over flat to gently sloping terrain with wide stream valleys.  Many 
Central Plains streams were historically dominated by fine silt and sand substrates and 
sediment input has been exacerbated by the conversion of native prairie to cropland.  The 
other 63 stream reaches were sampled in the Eastern Broadleaf Forest aquatic subregion of 
northeastern Iowa that is also highly altered from agricultural practices, but is geologically 
more diverse than the Central Plains subregion.  The Eastern Broadleaf Forest contains the 
Paleozoic Plateau ecoregion that was less impacted by glaciation and is characterized by high 
topographic relief, rocky outcroppings, and dense forests (Griffith et al. 1994).  Overall, 
Iowa’s landscape is relatively homogenous with elevation only varying from 146 m to 509 m 
and 72% of the land has been converted for row crop agriculture (U.S. Department of 
Agriculture 2007).  Previous studies have found increasing ecological integrity (e.g., Index of 
Biotic Integrity) from southwest to northeast Iowa (Wilton 2004; Heitke et al. 2006).  Greater 
ecological integrity in northeast Iowa is likely a reflection of relatively high quality habitat 
due to the greater topographic relief, less disturbed riparian habitats, and coarser substrates 
than in other regions of Iowa.   
 Sample reaches were 300-400 m in length and divided into macrohabitat units 
identified as riffles, pools, runs, or off-channel units.  When feasible, sample reaches were 
selected to encompass as many different macrohabitat units as possible and be greater than 
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100 m from an artificial structure (e.g., bridge, low-head dam).  All sampling occurred during 
base flow conditions to minimize sampling inefficiencies associated with high flow, depth, 
and turbidity.  Fish assemblages were sampled in each macrohabitat separately using single-
pass upstream electrofishing with a pulsed-DC electrofishing unit (Simonson and Lyon 
1995).  When feasible, a generator-powered, barge-mounted VVP-15B electrofishing unit 
(Smith-Root Inc., Vancouver, WA, USA) was used.  However, if streams were too shallow 
or inaccessible, a battery-powered backpack LR-20 electrofishing unit (Smith-Root Inc., 
Vancouver, WA, USA) was used.  For both backpack and barge-mounted electrofishing, 
three netters used 6.34 mm mesh dipnets to collect fish.  An effort was made to sample all 
accessible habitat types in each macrohabitat.  Voltage output was adjusted to maximize 
efficiency and reduce incidental mortality in each sample reach.  Fish were collected in each 
macrohabitat unit, examined for external abnormalities, identified, counted, and released.  Up 
to five voucher specimens of each SGCN were preserved in a 10% formalin solution.  Fish 
that could not be identified in the field were also preserved and transported to the laboratory 
for identification. 
 Habitat characteristics were quantified by measuring physical habitat features in each 
macrohabitat unit.  The length of each macrohabitat unit was measured along the thalweg and 
the width of each macrohabitat unit was measured along a transect perpendicular to the 
thalweg at 25%, 50%, and 75% of the macrohabitat length.  Depth, current velocity, and 
substrate size were measured at 20%, 40%, 50%, 60%, and 80% of the length of each 
transect.  Current velocity was measured with a Marsh McBirney Flo-Mate Portable Velocity 
Meter (Model 2000; Marsh-McBirney Inc., Frederick, MD, USA) at 60% of the depth when 
depth was less than 0.75 m; at depths greater than 0.75 m, velocities at 20% and 80% of the 
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depth were averaged (Buchanan and Somers 1969).  Substrate was classified as artificial 
(e.g., tire), soil, wood (e.g., submerged tree), detritus, hardpan, clay (< 0.004 mm), silt 
(0.004-0.063 mm), sand (0.062-2.0 mm), gravel (2-16 mm), coarse gravel (16-64 mm), 
cobble (64-256 mm), boulder (> 256 mm), or bedrock (i.e., modified Wentworth scale).  
Canopy cover was measured along each transect using a spherical densiometer at and facing 
each stream bank, and facing upstream and downstream at the midpoint.  Bank cover 
characteristics (i.e., percent coverage of woody vegetation, non-woody vegetation, roots, 
boulders, eroding ground, bare ground) and distance to anthropogenic disturbance (i.e., on 
bank, ≤ 10 m, > 10 m, absent) were visually estimated for the left and right bank of each 
transect.  One length, three width, and three depth measurements were taken for each unit of 
instream cover (i.e., artificial structure, boulder, rip-rap, filamentous algae, aquatic 
macrophytes, terrestrial vegetation, overhanging vegetation, undercut bank, island, small 
brush, tree root, large woody debris) at least 0.3 m in length and in water at least 0.3 m deep 
in each macrohabitat. 
 The area of each macrohabitat unit was estimated by multiplying thalweg length by 
mean width.  Mean depth, width, current velocity, canopy cover, and bank coverage 
percentages were calculated for each macrohabitat unit.  Additionally, the coefficient of 
variation in depth, width, velocity, and canopy cover was calculated as 100 times the 
standard deviation divided by the mean.  The proportions of each substrate type and distance 
to disturbance category were also quantified for each macrohabitat unit.  All habitat 
characteristics, except instream cover which was censused and not estimated, were averaged 
for each macrohabitat category (i.e., riffle, pool, run, off-channel) within each stream reach.  
Furthermore, averaged values were weighted by the proportion of the total stream reach area 
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represented by the respective macrohabitat category.  Weighted values were summed to 
quantify habitat characteristics for the entire stream reach.  Areal coverage of each instream 
cover type was quantified as the proportion of reach area.  Additional composite variables 
were created by summing two or more habitat variables (e.g., proportion of coarse 
substrates). 
         
Independent variables 
 Large- and small-scale habitat variables characterizing sampled stream reaches were 
selected as independent variables for SGCN occurrence models.  Sixteen GIS-measured 
variables used to develop fish distribution models for the Iowa Aquatic Gap Analysis Project 
(Loan-Wilsey et al. 2005) were obtained using ArcMap (version 9.3; Environmental Systems 
Research Institute, Redlands, California) and considered candidate large-scale variables.  The 
sixteen variables included one or more measures of flow (i.e., intermittent or permanent), 
stream order (Strahler 1957), channel gradient, elevation, soil type, aquatic subregion (i.e., 
Eastern Broadleaf Forest or Central Plains), temperature (i.e., coldwater or warmwater), and 
size discrepancy with downstream stream segment.  The temperature variable was derived 
from the Iowa Department of Natural Resources coldwater streams designation which is 
based on biotic communities and maximum summer temperatures.  Candidate small-scale 
habitat variables characterizing channel morphology (e.g., width, depth, macrohabitat 
composition), current velocity, canopy cover, bank cover, substrate composition, instream 
cover (e.g., woody debris, boulders), and distance to disturbance (e.g., row crop agriculture, 
pasture, road) were obtained from field sampling.  
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 Many large-scale variables were redundant (e.g., three variables describing stream 
size).  To avoid multicolinearity, the most ecologically-significant and interpretable variable 
from redundant groups was retained.  The variable describing flow was excluded because 
streams with intermittent flow were not sampled.  Pearson correlations were calculated for all 
pairs of large-scale variables to ensure that no highly correlated (Pearson correlation 
coefficient ≥ |0.70|) variables were retained. 
 Small-scale habitat characteristics have been found to be associated with fish 
assemblage characteristics in Iowa (Rowe et al. 2009a).  Thus, sixty two small-scale 
variables were created to describe local physical habitat features.  Reducing the number of 
variables was essential for removing multicolinearity between variables and improving 
model interpretability.  Ecologically-relevant small-scale variables were selected as potential 
explanatory variables.  Pearson correlations were calculated for all pairs of small-scale 
variables.  When two or more ecologically-relevant variables were highly correlated, the 
most relevant and interpretable variable was retained.  
 Eighteen variables were retained as independent variables in species occurrence 
models (Table 1).  No substantial correlations (Pearson correlation coefficient ≥ |0.70|) 
existed between any of the retained variables (Table 2).  Five large-scale variables were 
retained for use in model development and included temperature, subregion, stream order, 
elevation, and gradient.  Temperature and subregion are categorical variables and were 
treated as factors rather than continuous variables in model development.  Thirteen small-
scale variables were retained to describe channel morphology, current velocity, canopy 
cover, bank cover, substrate composition, instream cover, and distance to disturbance.  
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Species occurrence models 
 The influence of physical habitat characteristics on stream fish assemblages has been 
well studied (Gorman and Karr 1978; Schlosser 1982; Wang et al. 2003; Rowe et al. 2009a); 
however, few studies have attempted to quantify the habitat associations of stream fish 
SGCN in Iowa.  Therefore, we used an information theoretic approach (Burnham and 
Anderson 2002) to evaluate competing multiple logistic regression models and identify 
habitat variables measured at multiple spatial scales that influence the occurrence of seven 
selected fish species.  Multiple logistic regression analysis is a common multivariate 
approach for predicting the binary response of fish species presence or absence (e.g., Porter 
et al. 2000; Wall et al. 2004; Rich et al. 2003; Pont et al. 2005; Rashleigh et al. 2005).  Using 
retained variables, candidate multiple logistic regression models were created for all possible 
combinations of variables to avoid oversight of important habitat associations.  Specifically, 
candidate models were created to predict the occurrence of each species using all possible 
combinations of variables measured at a large scale, a small scale, and at multiple scales (i.e., 
large- and small-scale).  Because large-scale models could only include five variables, a 
maximum of five variables were allowed in each candidate model to eliminate the possibility 
of small-scale and multiple-scale models explaining more variation than large-scale models 
by simply including more variables.  Furthermore, the maximum number of variables 
allowed in a candidate model was 10% of the number of stream reaches sampled within each 
species’ respective distribution to prevent model overfitting.  Confidence model sets were 
selected from all candidate models based on Akaike information criterion (AIC) and used to 
create model-averaged models.  Akaike information criterion reflects model parsimony by 
measuring the goodness of fit while penalizing for the number of parameters (Burnham and 
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Anderson 2002).  Recently, the use of AIC corrected for small sample size (i.e., AICc) has 
been common; however, Richards (2005) found that it did not increase the likelihood of 
selecting the best approximating model.  Thus, we used AIC rather than AICc.  Richards 
(2005) also suggested that a ∆AIC between four and seven be used as a selection criterion for 
95% confidence that the best approximating model is included in the confidence model set.  
Thus, all candidate models with a ∆AIC ≤ 6 were included in a confidence model set.  
Akaike weights were calculated for each model included in confidence model sets.  
Furthermore, because more than one combination of variables was likely to have evidence of 
being the best approximating model, all models included in confidence model sets were 
averaged to account for model selection uncertainty (Burnham and Anderson 2002).  Model-
averaged coefficients were calculated by weighting coefficient values for each model in the 
confidence model set by their respective Akaike weight.  The relative importance of habitat 
variables in confidence model sets was assessed by summing the Akaike weights for all 
models in the confidence model set in which the variable was included.  Variables with 
summed Akaike weights of 0.60 or greater were interpreted as important.  Summed relative 
weights must be interpreted carefully because they reflect the importance of the habitat 
variable and not the strength of the relationship since they do not account for coefficient 
values.  All multiple logistic regression analyses were preformed with program R (R 
Development Core Team 2009).   
 Logistic regression models predict the probability of species presence as a value from 
zero to one.  Often thresholds of 0.5 are used in species presence-absence models where 
values greater than 0.5 indicate presence and values less than 0.5 indicate absence (e.g., 
Porter et al. 2000; Pont et al. 2005; Ruiz and Peterson 2007).  However, 0.5 is not always the 
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most appropriate threshold because species prevalence can bias logistic regression scores 
towards the larger group (i.e., present or absent; Fielding and Bell 1997).  We used an 
approach similar to Olden and Jackson (2001) to select optimum thresholds that maximized 
the area under the curve (AUC) of the receiver operating characteristic plot for the training 
data (i.e., same data used to create the model).  The receiver operating characteristic plot is a 
graph of model sensitivity versus 1-specificity, where sensitivity is the proportion of 
observed presences correctly predicted and specificity is the proportion of observed absences 
correctly predicted.  Optimal threshold values were chosen assuming costs of misclassifying 
a species as absent or present were equal.  The optimal threshold value and model-averaged 
predictions for each species model were used to calculate confusion matrix values and 
performance measures to self evaluate model performance after re-substituting the same data 
used to parameterize the model (Fielding and Bell 1997).  Correct classification rate is a 
simple measure of the percentage of cases correctly predicted by a model, but its 
interpretation can be biased by species prevalence (Olden et al. 2002).  Therefore, the 
primary statistic used to self evaluate model performance was Cohen’s kappa (κ) which is an 
index used to assess the correct classification of events (i.e., presence or absence) relative to 
that expected by random chance (Cohen 1960).  Kappa values equal or less than zero indicate 
model performance no better than random chance, whereas a value of one indicates perfect 
model performance.  Landis and Koch (1977) arbitrarily characterized kappa values of less 
than 0.40 to indicate poor to fair model performance and values of greater than 0.40 to 
indicate moderate to near perfect model performance.  Cohen’s kappa is commonly used to 
evaluate fish species presence-absence models (e.g., Olden and Jackson 2001; Pont et al. 
2005; Hayer et al. 2008; Rashleigh et al. 2005) and is commonly used in the medical and 
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remote sensing fields (Congalton 1991; Manel et al. 2001).  Kappa has limitations and may 
be overly sensitive to species prevalence (McPherson et al. 2004; Vaughan and Omerod 
2005); however, Manel et al. (2001) found kappa to be a robust indicator of model 
performance that is negligibly influenced by species prevalence.  The standard error, 
significance, and 95% confidence interval of kappa can be easily calculated and used to test 
the null hypothesis that kappa is equal to zero (Titus et. al. 1984).  Kappa values were 
calculated and significance tests (α = 0.05) were performed using the fmsb package and the R 
program (R Development Core Team 2009).  Correct classification rates and Cohen’s kappa 
values were used to assess the performance of models, and evaluate the relative influence of 
habitat variables measured at each spatial scale on species occurrences.           
 
Model validation 
 The most robust model validation techniques use data independent from those used to 
estimate model parameters.  Therefore, independent data were used to validate and test the 
generality of species occurrence models.  Data were obtained from a previous study 
conducted by Rowe et al. (2009a) where fish assemblages were sampled following the Iowa 
Department of Natural Resources wadeable stream bioassessment protocol (Wilton 2004) 
and physical habitat were sampled following the U.S. Environmental Protection Agency 
Environmental Monitoring and Assessment Program (EMAP) wadeable streams physical 
habitat protocol (Peck et al. 2006).  Rowe et al. (2009a) analyzed data from 106 randomly 
selected wadeable streams across Iowa.  However, only 65 of the wadeable streams were 
sampled from the Mississippi River drainage where our models were constrained.  The 
methods used to sample fish and habitat characteristics were not identical to those used to 
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collect data for our study; however, it is unlikely that data will always be collected following 
the exact same protocol in most applications.  Thus, using data collected with differing 
methodologies offers an opportunity to validate the models with an independent dataset and 
test the generality of the models for use with data collected with different methods (i.e., a 
“conservative” assessment of model generality).   
 Even though the field sampling methodologies of this study were not identical to 
those used to collect the independent data, many of the same small-scale habitat features 
were quantified and the large-scale variables could be easily obtained with a GIS (i.e., 
ArcMap 9.3).  As part of the EMAP wadeable stream physical habitat protocol, mean width, 
proportion of pool habitat, proportion of riffle habitat, mean canopy cover, and proportion of 
coarse substrates were quantified and subsequently used as explanatory variables in our 
models without modification.  Similarly, the EMAP protocol quantifies the proportion of the 
riparian ground layer that is barren; these values were simply subtracted from one to estimate 
the mean proportion of banks covered.  Estimates of the proportion of area with instream 
woody and vegetation cover were obtained by combining the areal proportions of large 
woody debris, brush and small debris, filamentous algae, aquatic macrophytes, and 
overhanging vegetation quantified by the EMAP protocol.  Rather than measuring depths 
across the width of the stream reach, the EMAP protocol only measures depths along the 
stream thalweg.  To adjust the mean thalweg depth to better represent mean depth, linear 
regression analysis was used to estimate mean macrohabitat depth from the mean of the 
maximum macrohabitat transect depths using data collected from all 84 stream reaches for 
this study.  The linear regression explained a large amount of the variation in mean depth 
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with an r
2 
of 0.91 (P < 0.0001).  Therefore, the following equation was used to estimate mean 
depth from mean thalweg depth: 
 
(1) mean depth = 0.773(mean thalweg depth) -  0.0224 
 
Similarly, the EMAP protocol does not measure current velocity.  Therefore, we used the 
following linear regression equation created from data collected for this study to estimate 
mean current velocity from mean channel width: 
 
(2) mean current velocity = 0.0073(mean channel width) + 0.2209 
 
Mean channel width explained a small amount of the variation in mean current velocity with 
an r
2 
value of 0.17 (P < 0.0001), but this was the strongest relationship between it and any of 
the other habitat variables.  We argue that using this equation to estimate mean current 
velocity was more appropriate than assuming a constant mean current velocity across sites.  
Additionally, the EMAP protocol does not provide calculations of the coefficient of variation 
for mean depth and width, but it does provide estimates of standard deviations that we used 
to calculate coefficients of variation.  The only small-scale variable used to develop our 
species occurrence models that could not be obtained from the EMAP protocol for the 
independent dataset was the proportion of banks with disturbance on or within 10 meters of 
the bank.  Since missing values resulting from different sampling protocols is a real-world 
scenario, all values for the distance to disturbance variable were set to zero to simulate 
missing data.   
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 Model-averaged multiple logistic regression models developed with large-scale, 
small-scale, and multiple-scale data were used to predict the presence or absence of the seven 
selected species using the habitat variables from the independent dataset.  Optimal thresholds 
were used to determine if each species was predicted present or absent in stream reaches 
sampled within each species respective distribution.  Model predicted presences and absences 
were compared to the actual presence or absence of each species and used to calculate the 
same model performance measures used to self evaluate model performance.            
      
Results 
 
 The number of stream reaches sampled within the seven selected fish species 
distributions varied from 34 for central mudminnow to 83 for blackside darter, and frequency 
of occurrence varied from 0.20 for longnose dace to 0.55 for southern redbelly dace (Table 
3).  The number of models included in confidence model sets varied from 10 to 1 013.  By 
calculating model-averaged parameters we created composite models that accounted for 
model selection uncertainty (Table 4).  Large-, small-, and multiple-scale model-averaged 
models were created for all seven species, and as expected, optimal threshold values differed 
from the commonly used value of 0.5 (Table 4).  On average, multiple-scale models had 
greater kappa values than large- or small-scale models, and small-scale models generally had 
greater kappa values than large-scale models (Figure 2).    
 Species occurrence models developed with large-scale habitat variables predicted the 
occurrences of six of the seven species significantly better than chance (i.e., κ > 0.0, P-value 
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≤ 0.05), and kappa values varied from 0.14 for American brook lamprey to 0.75 for longnose 
dace with a mean of 0.44 (SE = 0.07; Table 3).  Large-scale models correctly predicted 51% 
to 93% of species presences and absences with a mean of 73% (SE = 5).  The sum of Akaike 
weights for all models in confidence model sets in which a variable occurred indicated that 
all five large-scale variables were important in at least one of the seven species models 
(Table 5).  Stream order was an important variable in four species models, elevation and 
gradient in three, subregion in two, and temperature in one.  Four large-scale variables were 
important in the blackside darter model, and only one variable was important in Ozark 
minnow and central mudminnow models.   
  Species occurrence models developed with small-scale variables had greater kappa 
values than large-scale models for five of the seven species (i.e., banded darter, American 
brook lamprey, Ozark minnow, longnose dace, central mudminnow; Table 3).  Kappa values 
for small-scale models varied from 0.21 for American brook lamprey to 0.77 for longnose 
dace with a mean of 0.49 (SE = 0.08), and were significantly greater than zero for all seven 
models.  Small-scale models correctly classified 55% to 92% of species presences and 
absences with a mean of 75% (SE = 5).  Of the thirteen small-scale variables hypothesized to 
influence fish species distributions, nine of the variables were identified as important in 
small-scale models (Table 5).  Mean stream width and mean coefficient of variation of depth 
were the most common important variables and were identified as important in small-scale 
models for three species.  The number of important small-scale variables varied from zero in 
the central mudminnow model to three in the banded darter, Ozark minnow, and blackside 
darter models.  Although the small-scale model performed better than the large-scale model 
for central mudminnow, no small-scale variables were identified as important.  This is likely 
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due to the small number of stream segments sampled within the central mudminnow’s 
distribution (i.e., 34), and spurious correlations likely accounted for the explained variation in 
occurrences. 
 For six of the seven species, the multiple-scale model had a higher kappa value and 
correct classification rate than either the large- or small-scale model (Table 3).  Thus, the 
inclusion of habitat variables measured at multiple-spatial scales was most effective at 
predicting the occurrence of most fish SGCN.  The multiple-scale model for the central 
mudminnow was the only exception, where it had a lower correct classification rate and 
kappa value than the small-scale model.  Kappa values were significantly greater than zero 
for all multiple-scale models, varying from 0.27 for American brook lamprey to 0.88 for 
longnose dace with a mean of 0.59 (SE = 0.07).  Six of the multiple-scale models had kappa 
values greater than 0.40 suggesting moderate to substantial performance.  Correct 
classification rates for most species models were relatively high (i.e., 0.79 to 0.96), but the 
percent of correctly predicted presences and absences was low (i.e., 0.58) for American 
brook lamprey.  As expected, multiple-scale models identified similar important habitat 
variables as large- and small-scale models; however, only three large-scale variables were 
important in at least one species model (Table 5).  Although stream order was important the 
large-scale models for four species, stream width (i.e., small-scale variable) was selected as a 
more appropriate measure of stream size in multiple-scale models.  Six of the variables 
important in small-scale models were also important in multiple-scale models and the 
variable representing the availability of instream vegetation cover (e.g., aquatic macrophytes, 
overhanging vegetation) was identified as important in the American brook lamprey model 
even though it was not important in the small-scale model.  
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 Multiple-scale models predicted the occurrence of most fish SGCN with the greatest 
accuracy, thus important habitat variables identified in each species multiple-scale model 
were weighted the most for interpretation.  Stream size (i.e., stream order and stream width) 
or gradient variables were important in five of the seven species multiple-scale models 
(Table 5).  Thus, the importance of these variables in species occurrence models along with 
model-averaged coefficient values were used to conceptualize the relative associations with 
the occurrence of each species (Figure 3).  For example, southern redbelly dace occurrence 
was associated with narrow streams, whereas banded darter and American brook lamprey 
occurrence was associated with larger streams.  Similarly, longnose dace occurrence was 
associated with high gradient streams, and in contrast, central mudminnow occurrence was 
associated with low gradient streams.  Neither stream size nor gradient were important in 
blackside darter or Ozark minnow multiple-scale models, but the large-scale model showed 
that blackside darter occurrence was associated with smaller, low gradient streams.  
Furthermore, zero to three other variables were identified as important in each species 
multiple-scale model. 
 Stream reaches in the independent dataset were sampled from 28 of 34 eight-digit 
hydrologic unit code watersheds in the Mississippi River drainage of Iowa.  Fifteen to 54 
stream reaches were sampled within the selected species historical distributions and each 
species was collected in one (Ozark minnow and central mudminnow) to sixteen (southern 
redbelly dace) stream reaches (Table 6).  When applied to the independent dataset, large-
scale models were able to predict the occurrences of banded darter, American brook lamprey, 
southern redbelly dace, and longnose dace significantly better than chance, but not the 
occurrence of Ozark minnow, blackside darter, or central mudminnow (Table 6).  Even 
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though small-scale models performed better than large-scale models, when applied to an 
independent dataset they only predicted the occurrences of banded darter and longnose dace 
better than would be expected by random chance.  When variables measured at both the 
large- and small-scale were included in the multiple-scale models, the presence and absence 
of Ozark minnow, blackside darter, and central mudminnow was still not predicted more 
accurately than would be expected by chance.  However, multiple-scale models predicted the 
occurrences of banded darter, southern redbelly dace, and longnose dace better than large- or 
small-scale models. 
                  
Discussion 
  
 Understanding factors that constrain the distribution of fish species across spatial 
scales is important for ensuring that inferences and management actions are made at the most 
appropriate scale (Lewis et al. 1996; Rabeni and Sowa 1996; Durance et al. 2006; Dunham 
and Peterson 2010).  We developed predictive models to identify important habitat 
associations of fish SGCN and assess the relative importance of large- and small-scale 
habitat features on their occurrence.  We found that the occurrence of most fish SGCN in 
Iowa wadeable streams was effectively predicted using either large- or small-scale variables, 
and as expected, the most effective spatial scale varied by species.  Furthermore, as we 
hypothesized, the inclusion of variables measured at both spatial scales predicted the 
occurrences of fish SGCN with the greatest accuracy.   
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 Processes acting at large spatial scales constrain habitat conditions at smaller scales 
(Frissel et al. 1986; Poff 1997).  Thus, the distributions of fish species are constrained by 
similar large-scale processes, and many studies have attempted to elucidate how large-scale 
features influence instream habitat conditions and biotic communities (Richards et al. 1996; 
Wang et al. 1997; Baker et al. 2005; Brenden et al. 2007).  Brenden et al. (2007) used 
landscape variables to explain over 80% of the variation in small-scale habitat measurements 
of stream width, conductivity, temperature, depth, and gradient.  In Michigan, Richards et al. 
(1996) found that geologic characteristics and land use indirectly influenced 
macroinvertebrate assemblages through direct influences on stream morphology and instream 
woody debris.  Results of our study suggest that Iowa fish SGCN are also influenced by 
large-scale features and the occurrences of six of the seven species were accurately predicted 
with variables measured at large scales.  Modeling species distributions with large-scale 
variables is appealing because they can be readily obtained with a GIS (Wall et al. 2004; 
Oakes et al. 2005).  Such an approach is particularly advantageous for broad approaches to 
conservation, such as the National Gap Analysis Project (Jennings 2000).  As a response to 
the demand for the conservation of Topeka shiner Notropis topeka in South Dakota, Wall et 
al. (2004) used GIS-measured habitat variables to identify locations with high and low 
probabilities of Topeka shiner occurrence.  In Wisconsin, Lyons et al. (2010) used GIS-
measured variables to model the potential impacts of climate warming on the distribution of 
50 common fish species, and predicted that increases in summer water temperature would 
reduce the distribution of 23 fishes and increase the distribution of 23 others.  In Iowa, only 
3.6% of stream length is on public land (Loan-Wilsey et al. 2005).  Thus, using large-scale, 
GIS-measured, features to provide insight to where conservation and land acquisition efforts 
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would be most successful in conserving stream fish biodiversity is an appealing approach for 
resource managers. 
 Physical and biological changes following the longitudinal gradients of streams are 
well documented (Vannote et al. 1980; Rahel and Hubert 1991), and large-scale 
environmental gradients have been shown to influence the longitudinal distribution of fish 
species (Rahel and Hubert 1991; Quist et al. 2004).  Consistent with the results of others, we 
found that large-scale measures of stream order (Paller 1994), elevation (Quist et al. 2004), 
channel gradient (Pont et al. 2005), temperature (Buisson et al. 2008; Lyons et al. 2010), and 
aquatic subregion influenced the distribution of at least one of the seven fish species.  Stream 
order, elevation, and gradient were among the most important variables in large-scale models 
suggesting that Iowa stream fish assemblages may be strongly influenced by longitudinal 
gradients and stream size thresholds.  Similarly, Quist et al. (2004) showed that fishes 
persisted within specific elevation and stream width boundaries in Wyoming streams.  In our 
study, we found that southern redbelly dace were common in small second and third order 
streams, but banded darter and American brook lamprey were never collected from a stream 
that was less than third order.  Paller (1994) reported similar associations between fish 
assemblages and stream order following patterns of species additions and replacements.  
Models for three species identified important associations with stream gradient.  Longnose 
dace was generally collected from high gradient streams, including the two highest gradient 
streams sampled (i.e., 7.0 m/km – 13.0 m/km).  In contrast, blackside darter and central 
mudminnow were only collected in low gradient streams not exceeding a gradient of 3.0 
m/km.  The positive association between longnose dace occurrence and gradient likely 
reflects their similar positive association with riffle habitat availability.  This result is 
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consistent with what others report as common longnose dace habitat in Iowa (Harlan and 
Speaker 1969).  Central mudminnow are suggested to occupy habitats with little to no 
current, muddy substrates, and usually the presence of vegetation (Harland and Speaker 
1969; Martin-Bergmann and Gee), thus, high gradient streams would not be expected to 
provide suitable habitat conditions.  
 In Iowa, elevation is relatively homogenous and the elevation of streams sampled for 
this study only varied from 189 m to 387 m.  Thus, the importance of elevation in occurrence 
models for four species was surprising.  Quist et al. (2004) suggested that elevation acts as a 
proxy for temperature, which is well understood to influence the survival, growth, 
reproduction, and distribution of fish (Buisson et al. 2008; Lyons et al. 2010; Robinson et al. 
2010).  Although elevation does not likely act as a surrogate measure for temperature in 
Iowa, differences in elevation likely correspond with differences in underlying geology and 
climate across the state.  The subregion variable similarly differentiates between two regions 
of Iowa that have different underlying physiographic features, and Heitke et al. (2006) 
showed that fish assemblages and physical habitat conditions vary significantly across Iowa’s 
ecoregions.  Subregions may also represent regions with unique aquatic biodiversity as a 
result of processes such as speciation, colonization, and extinction.  For example, there is a 
unique group of fishes which include Ozark minnow that exhibit two disjunct distributions: 
one distribution that extends into the EBF subregion of Iowa and the other is found in the 
Northern Ozarks of southern Missouri and surrounding states.  A study by Berendzen et al. 
(2010) showed that this unique disjunct distribution is likely due to the expansion of fishes 
from the Northern Ozarks into the Paleozoic Plateau of Iowa after glacial periods, but the two 
populations became isolated due to the loss of suitable habitats between the two regions as a 
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result of glacial deposition of loess and till.  Our results were consistent and showed that the 
occurrences of Ozark minnow, as well as the occurrences of southern redbelly dace, were 
positively associated with the EBF subregion.  Our results also suggest that southern redbelly 
dace are not constrained by specific small-scale habitat features within stream reaches where 
large-scale habitat conditions are suitable.  These results are not surprising since southern 
redbelly dace are recognized as prevalent in headwater streams of the EBF subregion in Iowa 
(Harlan and Speaker 1969).  Thus, the sole use of GIS-measured variables representing 
stream order and subregion can accurately predict southern redbelly dace occurrence in the 
Mississippi River drainage of Iowa.  In contrast, even though the distribution of Ozark 
minnow is constrained to northeast Iowa (Harlan and Speaker 1969), small-scale variables 
predicted the occurrence of Ozark minnow better than the subregion variable or any 
combination of large-scale variables.  Ultimately, the multiple-scale model was able to 
predict the occurrence of Ozark minnow with the greatest accuracy, and indicated that Ozark 
minnow occurrence was positively associated with depth variability and negatively 
associated with proximity to anthropogenic disturbance.  This is consistent with Pflieger 
(1997) who reported that Ozark minnow inhabit areas of slow current in fast flowing streams, 
which is indicative of high depth variability. 
 Although large-scale models effectively predicted the distribution of six species, we 
found that small-scale models were more effective for predicting the distribution of five 
species.  Understanding small-scale physical habitat requirements of stream fish species has 
long been a central theme of fish ecologists (Gorman and Karr 1978; Schlosser 1982; Hubert 
and Rahel 1989).  Early work by Gorman and Karr (1978) related fish species to specific 
instream physical habitat measures (e.g., depth, substrate, velocity) and showed a positive 
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relationship between species diversity and habitat diversity.  Later, Leonard and Orth (1988), 
among others (e.g., Schlosser 1982; Lobb and Orth 1991), identified guilds of species that 
were associated with similar instream physical habitat features.  Our results were similar in 
that a variety of small-scale habitat variables (i.e., channel width, depth variability, current 
velocity, coarse substrate, pool and riffle habitat availability, bank characteristics, vegetation, 
distance to disturbance) were important in at least one species model.  The coefficients of 
variation in depth and width variables were expected to represent habitat complexity and thus 
the ability to support greater biodiversity (Gorman and Karr 1978).  The occurrences of 
southern redbelly dace and Ozark minnow were found to be positively associated with depth 
variability, however, blackside darter occurrence was negatively associated with depth 
variability.  Blackside darter occurrence was also negatively associated with covered banks. 
The negative association with depth variability and covered banks likely reflects the common 
occurrences of blackside darter in channelized streams of the Central Plains subregion.  As a 
result of stream straightening, bank erosion generally increases, pool and riffle habitats 
become filled and covered with fine sediments, and the variability of water depth and current 
velocity decrease (Bulkley 1975; Zimmer and Bachmann 1978).   
 Coarse substrates can provide essential fish spawning habitat and refuge from current 
and predators.  Additionally, coarse substrates provide an excellent habitat for prey, such as 
macroinvertebrates, and are often associated with greater ecological integrity and fish 
biodiversity (Heitke et al. 2006; Rowe et al. 2009a).   In our study, only the occurrence of 
banded darter was positively associated with the proportion of coarse substrate.  Banded 
darter occurrence was also positively associated with stream width and negatively related to 
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covered banks.  Anecdotal reports are similar and suggest banded darters occur in deep riffles 
over rocky substrate (Cross and Collins 1995; Harlan and Speaker 1969).    
 The understanding that different habitats are suitable for different species is the basis 
for many attempts at predicting the distributions or abundances of fish species (Hubert and 
Rahel 1989; Rashleigh et al. 2005).  For example, Rashleigh et al. (2005) used six small-
scale physical habitat measures (e.g., coarse substrate, depth)  and multiple logistic 
regression analyses to successfully predict 61% to 79% of the presences and absences of 
thirteen fish species and species groups in the mid-Atlantic Highlands region of the eastern 
USA.  Our results were similar, revealing that small-scale variables were able to successfully 
predict 55% to 92% of presences and absences for seven fish SGCN.  We also showed that 
small-scale variables predicted the occurrence of banded darter, Ozark minnow, and central 
mudminnow with much higher accuracy than large-scale variables.  In fact, large-scale 
variables were not even identified as important in banded darter or Ozark minnow multiple-
scale models.  Thus, these species may be considered macrohabitat specialists rather than 
habitat generalists, relating to variations in small-scale habitat conditions that are not 
effectively explained by large-scale features.  Similarly, Rowe et al. (2009b) showed that the 
inclusion of landscape variables to small-scale variables resulted in minor improvements to 
the variation explained in fish assemblage structure of wadeable Iowa streams.  In two 
separate studies, Wang et al. (2003, 2006) also showed that local habitat conditions 
influenced fish assemblage structure more than large-scale habitat features in undisturbed 
catchments in the upper Midwest.   
 The most influential spatial scale on stream fauna is context dependent and varies by 
species and system (Pont et al. 2005; Ruiz and Peterson 2007; Monti and Legendre 2009).  
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Monti and Legendre (2009) showed that environmental factors were important in structuring 
biotic communities in high flow lotic systems, but biotic interactions were a more influential 
factor in low flow lotic systems.  Rather than system-specific, Pont et al. (2005) showed that 
the influences of regional and small-scale processes on species occurrence are species-
specific.  We similarly found differences in the relative influence of large- and small-scale 
habitat features on each fish species.  Thus, it is important to determine the appropriate scale 
for management efforts on a case-by-case basis, because models developed in one region or 
for one species are unlikely to exhibit generality to another.  Many studies have focused on 
determining the most influential spatial scale on stream biotic communities, and the results 
are inconsistent (Porter et al. 2000; Rich et al. 2003; Creque et al. 2005; Pont et al. 2005; 
Ruiz and Peterson 2007).  For example, Creque et al. (2005) developed models to predict the 
density of five sport fish species in Michigan rivers using only GIS-measured landscape 
variables and only small-scale habitat variables.  They showed that models developed with 
landscape variables explained more variation than those with small-scale variables.  
Similarly, Porter et al. (2000) accurately predicted the occurrences of thirteen fish species in 
the Blackwater River drainage of British Columbia using large-scale variables, and the 
inclusion of small-scale variables only resulted in marginal improvements to model 
performances.  In contrast, Rich et al. (2003) found that small-scale abiotic and biotic 
variables explained more variation in the occurrences of Bull trout Salvelinus fontinalis in a 
Montana watershed than large-scale variables.  Although either large- or small-scale 
variables may accurately predict the distribution of fish species, Leftwich et al. (1997) 
suggested that incorporating variables from multiple spatial scales is likely to improve the 
generality of models and provide the greatest interpretive value.  Our results support this 
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conclusion in that models incorporating both large- and small-scale variables predicted fish 
species occurrences with the greatest accuracy.  Specifically, our multiple-scale models 
correctly predicted the occurrences of the seven species 58% to 96% of the time with kappa 
values varying from 0.27 to 0.88.  Pont et al. (2005) similarly used multiple logistic 
regression models with variables measured at multiple spatial scales to predict the 
occurrences of thirteen common fish species in France and reported correct classification 
rates of 71% to 92% and kappa values from 0.10 to 0.61.  When applied to an independent 
dataset, our multiple-scale models generally exhibited greater performance than large- or 
small-scale models.  Specifically, occurrences of banded darter, southern redbelly dace, and 
longnose dace were predicted by multiple-scale models considerably better than by single-
scale models (Dunham and Peterson 2010).  These results emphasize the importance of 
understanding the influence of factors acting at multiple spatial scales before making 
important conservation decisions.  The largest spatial scale at which factors are constraining 
species occurrences should be treated as a limiting factor, and unless management efforts 
address issues at that scale success will be limited.  For example, increasing fish species 
diversity with small-scale habitat manipulations may be unsuccessful if water quality or 
connectivity issues are the limiting factor (Tonn 1990; Pretty et al. 2003).  Similarly, results 
from this study suggest that habitat restoration efforts to create riffle habitats for longnose 
dace may be unsuccessful if implemented in low gradient streams.   
 Large- and small-scale factors considered in this study influence fish species 
distributions, but many other factors measured at other spatial scales are also important in 
structuring fish assemblages.  For example, land-use variables are often used to assess the 
impact of anthropogenic alterations on habitat quality and ecological integrity in aquatic 
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ecosystems (Roth et al. 1996; Wang et al. 1997; Heitke et al. 2006).  Land use practices can 
influence substrate composition, nutrients, hydrologic regimes, and habitat complexity of 
streams, which in turn influence fish assemblages and ecological integrity (Allan 2004).  
Iowa’s landscape has been dramatically transformed for agricultural use, and 72% of the land 
is now used for row crop agriculture (U.S. Department of Agriculture 2007).  The direct and 
indirect effects of agriculture on aquatic ecosystems are well documented across the Midwest 
(Waters 1995; Walser and Bart 1999; Wang et al. 1997) and in Iowa (Menzel 1981; Heitke et 
al. 2006; Rowe et al. 2009b).  For example, Walser and Bart (1999) showed that streams in 
agriculturally-dominated watersheds had greater sedimentation, reduced habitat complexity, 
and reduced fish diversity.  Furthermore, the scale at which agricultural intensity is measured 
can influence the measurable effect on stream habitats and biota (Richards et al. 1996; Roth 
et al. 1996; Wang et al. 1997).  In Wisconsin, Wang et al. (1997) found that land-use within 
catchments had a greater influence on habitat quality and ecological integrity (i.e., Index of 
Biotic Integrity) than in riparian zones.  Although agricultural practices influence Iowa’s 
stream habitats and biotic communities, agricultural practices may be so pervasive across 
Iowa’s landscape that the variability is insufficient to explain significant variation in fish 
assemblage structure (Heitke et al. 2006).  
 Incorporating temporal variability in species occurrence models may also increase 
predictive power.  For example, the timing of flooding events may greatly influence fish 
assemblages (Harvey 1987; Pearson et al. 1992; Meyers et al. 2010).  In Oregon, Pearson et 
al. (1992) documented changes in fish assemblages before and after flood events and linked 
the resilience to flood events with hydraulic complexity.  In Iowa, as a result of agricultural 
practices (e.g., drainage tiling, channelization) the hydrologic regimes of stream systems are 
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highly altered, and the intensity, timing, and frequency of flood events are likely to influence 
aquatic communities (Meyers et al. 2010).  Similarly, the location and magnitude of fish 
barriers (e.g., dams, road crossings) can fragment populations and prevent source populations 
from re-colonizing suitable habitats (Compton et al. 2008).  Variables characterizing water 
quality and biotic interactions may also explain further variation in species occurrences.  For 
example, predation and competition have been shown to influence fish assemblage structure 
(Fausch and White 1981; Power et al. 1985), and variables characterizing the presence of 
competitors or the abundance of predators have been used to improve predictive power in 
recent species distribution models (Rich et al. 2003; Quist et al. 2005).  The numbers of 
factors that influence fish assemblages and species distributions are immeasurable; therefore, 
understanding the factors that explain the most variation in species occurrences and the 
linkages between those factors across spatial scales will improve the efficiency of 
conservation efforts. 
 Our study is one of few that has used an independent dataset to validate fish species 
occurrence models and quantify confidence in model predictions (e.g., Leftwich et al. 1997; 
Porter 2000; Rashleigh et al. 2005; Steen et al. 2008).  Most often species occurrence models 
fail to accurately predict species distributions outside of the region in which the models were 
developed.  For instance, Porter et al. (2000) developed models that predicted the occurrence 
of thirteen fish species in the Blackwater River drainage of British Columbia with correct 
classification rates averaging 82%, but the average accuracy of models greatly decreased to 
66% when applied to data collected in a distant drainage.  Results of our model validation 
showed that large- and multiple-scale models were able to predict the occurrences of banded 
darter, American brook lamprey, southern redbelly dace, and longnose dace above random 
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chance with an independent dataset.  Surprisingly, multiple-scale models even predicted the 
occurrences of banded darter and American brook lamprey with the independent dataset 
more accurately than with the data used to parameterize the models.  In a concurrent study 
(see Chapter 2), we also found that models created with large-scale explanatory variables 
(i.e., IAGAP models; Loan-Wilsey et al. 2005) predicted the occurrences of banded darter, 
southern redbelly dace, and longnose dace better than would be expected by random chance, 
but not of nine other species, including American brook lamprey, Ozark minnow, and 
blackside darter.  Thus, in Iowa, evidence suggests that the distributions of some species 
(e.g., banded darter, longnose dace, southern redbelly dace) can be effectively modeled with 
large-scale variables, but the most effective variables for predicting the occurrences of other 
species (e.g., Ozark minnow, blackside darter) are still undetermined.  The combined results 
of our studies further emphasize the importance of understanding the most appropriate scale 
for management and conservation efforts on a species-by-species and system-by-system 
basis.  Therefore, we caution that even though several of our models exhibited generality 
when validated with an independent dataset, they are unlikely to be effective outside of the 
Mississippi River drainage of Iowa.   
 The question of scale is of central importance to aquatic ecologists, and 
understanding factors that constrain the distribution of fish species across spatial scales is 
vital to conservation success.  Although factors measured at large scales are likely to 
influence habitat conditions and thus biota at small scales, these factors only represent the 
average of variability exhibited at smaller scales.  Thus, the consideration of variables 
reflecting small-scale conditions is likely to increase our understanding of species 
occurrences.  For this study, we took an exploratory approach to identify abiotic variables 
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measured at two spatial scales that influence the occurrences of fish SGCN in wadeable Iowa 
streams and provide insight on species ecology.  The performance of our models 
complements other studies that have found large-scale habitat features to explain variability 
in species occurrences, but also showed that the most influential spatial scale and habitat 
variables are species-specific.  Thus, the most appropriate approach for addressing serious 
conservation and management questions is to gain an understanding of the factors that 
constrain the distribution of species at multiple spatial scales pertaining to the specific 
species and system.  Furthermore, fish species exhibit a wide variety of habitat associations 
across spatial scales.  Conservation of biodiversity, therefore, requires managing for habitat 
complexity across a broad spectrum of landscapes and environmental gradients. 
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Figures 
 
Figure 1.  Locations of 84 wadeable (2nd-5th order) stream reaches sampled in the 
Mississippi River drainage during spring and summer (May-August) 2009 and 2010. 
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Figure 2.  Cohen’s kappa values for large-scale, small-scale, and multiple-scale species 
occurrence models created for seven fish species of greatest conservation need.  Boxes 
encompass interquartile ranges; solid lines within boxes represent medians; solid squares 
represent means; and vertical lines above and below boxes extend to the 95th and 5th 
percentiles, respectively.  Solid dots represent values outside of the 95th and 5th percentiles.    
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Figure 3.  Qualitative associations of fish species of greatest conservation need presence 
with large- and small-scale habitat variables in wadeable Iowa streams.  Quantitative 
relationships supporting these associations were primarily obtained from multiple-scale 
model summary statistics shown in Table 4 and Table 5. 
American brook lamprey
(higher elevation, 
less vegetation cover)
Banded darter
(coarse substrate, exposed banks)
Blackside darter
(lower depth variability, higher 
elevation, exposed banks)
Lower Order
(narrower)
Higher Gradient
Lower Gradient
Longnose dace
(abundant riffles)
Ozark minnow
(Eastern Broadleaf Forest, 
higher depth variability, less 
disturbed)
Southern redbelly dace
(Eastern Broadleaf Forest)
Central mudminnow
Figure 3.  Qualitative associations of fish species of greatest conservation need 
presence with large-scale and small-scale habitat variables in wadeable Iowa 
streams. Quantitativ  relationships upporting these ass ciations were obtained 
from multiple- cale model summary statistics shown in Tables 4 and 5.  
Higher Order
(wider)
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CHAPTER 4. GENERAL CONCLUSIONS 
 
 Despite extensive anthropogenic alterations of Iowa’s landscape (e.g., row crop 
agriculture) and aquatic habitats (e.g., stream channelization, draining of wetlands), wadeable 
streams (e.g., 2nd-5th order) in the Mississippi River drainage of Iowa support diverse fish 
assemblages.  For this study we sampled 72 different fish species and 21 fish species of 
greatest conservation need (SGCN) from 86 stream reaches.  However, our results suggest 
that the status of fish SGCN is highly variable.  Several SGCN were commonly found in 
stream segments where they were previously documented as well as in stream segments that 
have never been sampled before.  In contrast, a majority of SGCN were collected 
infrequently and exhibited declines in distribution.  Substantial declines in the distribution of 
redfin shiner Lythrurus umbratilis, slender madtom Noturus exilis, tadpole madtom Noturus 
gyrinus, and blackside darter Percina maculata may warrant special attention to gain further 
insight on their status and remaining populations.  Future studies should focus on identifying 
the status of other fish species so that conservation efforts can be appropriately prioritized.   
 Only 3.6% of Iowa’s stream lengths are in publicly owned lands.  Thus, identifying 
the most beneficial locations for allocating resources and acquiring conservation lands is 
essential for maximizing aquatic biodiversity conservation.  However, relying solely upon 
large-scale habitat features to identify where suitable habitats exist for fish SGCN may not 
always be effective.  Iowa Aquatic Gap Analysis Project (IAGAP) species distribution 
models accurately predicted the occurrences of banded darter Etheostoma zonale, southern 
redbelly dace Phoxinus erythrogaster, and longnose dace Rhinichthys cataractae; however, 
they failed to accurately predict the occurrences of nine other species.  Unfortunately, it is 
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difficult to determine if poor IAGAP model performance is the result of model errors or 
declines in the distribution of fish species.  Thus, IAGAP models may serve as a useful tool 
for identifying streams with potentially suitable habitats for target species, but field sampling 
should be conducted to supplement and validate model predictions.   
 Results from this study suggest that both large- and small-scale habitat features 
influence the distribution of fish SGCN, and the most influential spatial scale varies by 
species.  Thus, conservation efforts are unlikely to be successful if they do not account for 
the hierarchical structuring of stream ecosystems and address habitat constraints at the 
appropriate scale.  Further complicating the conservation of fish biodiversity is the variety of 
species-specific habitat associations.  Thus, maximizing fish biodiversity conservation will 
require protecting and restoring the complexity of stream habitats across a variety of 
landscapes with a diversity of large-scale habitat conditions.  Species distribution models 
may play an integral role in identifying priority locations for conservation efforts, but model 
predictions must be validated before they are used to inform conservation planning decisions.  
Ultimately, long-term monitoring efforts are needed to provide insight on the habitat 
requirements of fish SGCN, and detect early declines in species distributions before they 
become irreversible.
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APPENDIX A.  FISH SPECIES FREQUENCY OF OCCURRENCE AND TOTAL 
ABUNDANCE IN 86 WADEABLE IOWA STREAM REACHES SAMPLED DURING 
2009 AND 2010 
Species common name Scientific name Frequency Total abundance SGCN 
White sucker Catostomus commersoni 95.35 4159 
 Johnny darter Etheostoma nigrum 95.35 2255 
 Bluntnose minnow Pimephales notatus  94.19 3826 
 Creek chub Semotilus atromaculatus 90.70 4878 
 Bigmouth shiner Notropis dorsalis 89.53 3039 
 Common shiner Luxilus cornutus 84.88 5671 
 Blacknose dace Rhinichthys atratulus 82.56 4147 
 Central stoneroller Campostoma anomalum 81.40 5995 
 Sand shiner Notropis stramineus 70.93 2050 
 Hornyhead chub Nocomis biguttatus 67.44 1470 
 Green sunfish Lepomis cyanellus 65.12 1496 
 Golden redhorse Moxostoma erythrurum 62.79 962 
 Northern hog sucker Hypentelium nigricans 59.30 670 
 Fathead minnow Pimephales promelas 58.14 678 
 Fantail darter Etheostoma flabellare  56.98 1578 
 Southern redbelly dace Phoxinus erythrogaster 48.84 1933 Y 
Smallmouth bass Micropterus dolomieu 44.19 358 
 Spotfin shiner Cyprinella spiloptera 41.86 899 
 Rosyface shiner Notropis rubellus 38.37 491 
 Banded darter Etheostoma zonale 38.37 430 Y 
Shorthead redhorse Moxostoma macrolepidotum 36.05 353 
 Suckermouth minnow Phenacobius mirabilis 34.88 218 
 Brassy minnow Hybognathus hankinsoni  33.72 493 
 Northern rock bass Ambloplites rupestris 31.40 227 
 Bluegill Lepomis macrochirus   26.74 152 
 Largemouth bass Micropterus salmoides 26.74 139 
 Blackside darter Percina maculata 26.74 138 Y 
Rainbow darter Etheostoma caeruleum 23.26 1076 
 Black redhorse Moxostoma duquesnei  23.26 273 Y 
Quillback carpsucker Carpiodes cyprinus  23.26 135 
 Stonecat Noturus flavus  23.26 66 
 Common carp Cyprinus carpio 22.09 106 
 Brook stickleback Culaea inconstans 22.09 85 
 Orangespotted sunfish Lepomis humilis 20.93 134 
 American brook lamprey Lampetra appendix 19.77 83 Y 
Ozark minnow Notropis nubilus 18.60 1109 Y 
Black bullhead Ameiurus melas 17.44 83 
 Yellow bullhead Ameiurus natalis  16.28 48 
 River carpsucker Carpiodes carpio 15.12 62 
 Northern pike Esox lucius 15.12 58 
 Longnose dace Rhinichthys cataractae  11.63 367 Y 
Silver redhorse Moxostoma anisurum  11.63 62 
 Highfin carpsucker Carpiodes velifer 10.47 44 
 Central mudminnow Umbra limi 9.30 54 Y 
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Appendix A. Continued 
Channel catfish Ictalurus punctatus 8.14 60 
 Emerald shiner Notropis atherinoides 6.98 45 
 Iowa darter Etheostoma exile 6.98 28 Y 
Slenderhead darter Percina phoxocephala  5.81 36 Y 
Slender madtom Noturus exilis  5.81 18 Y 
Largescale stoneroller Campostoma oligolepis 4.65 136 Y 
Brown trout Salmo trutta 4.65 39 
 Blackstripe topminnow Fundulus notatus 4.65 10 Y 
Walleye Stizostedion vitreum 4.65 9 
 Bigmouth buffalo Ictiobus cyprinellus 4.65 5 
 Tadpole madtom Noturus gyrinus 3.49 28 Y 
Mud darter Etheostoma asprigene  3.49 27 Y 
Northern brook lamprey Ichthyomyzon fossor 3.49 18 Y 
Logperch Percina caprodes  3.49 5 Y 
Golden shiner Notemigonus crysoleucas  3.49 4 
 White crappie Pomoxis annularis 3.49 3 
 Black crappie Pomoxis nigromaculatus 2.33 8 
 Yellow perch Perca flavescens 2.33 4 
 Goldfish Carassius auratus 2.33 3 
 Mississippi silvery minnow Hybognathus nuchalis 1.16 54 Y 
Bullhead minnow Pimephales vigilax 1.16 6 
 Gizzard shad Dorosoma cepedianum  1.16 5 
 Shortnose gar Lepisosteus platostomus 1.16 2 
 Redfin shiner Lythrurus umbratilis  1.16 2 Y 
Freshwater drum Aplodinotus grunniens 1.16 1 
 Gravel chub Erimystax x-punctatus 1.16 1 Y 
Chestnut lamprey Ichthyomyzon castaneus 1.16 1 Y 
Smallmouth buffalo Ictiobus bubalus 1.16 1   
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APPENDIX B.  CHARACTERISTICS OF 86 WADEABLE IOWA STREAM 
REACHES SAMPLED IN 2009 AND 2010 
Reach ID Stream name NHD Segment ID Date County Order Area (m
2
) Species richness 
06WO56 Wolf Creek 0708020500077735156 7/29/2009 Benton 5 10741 25 
07CR16 Crane Creek 0708010200042326616 8/19/2010 Black Hawk 3 3466 26 
07MI57 Miller Creek 0708020500111831657 7/21/2010 Black Hawk 4 5314 27 
07SP61 Spring Creek 0708020500196133461 6/07/2010 Black Hawk 3 8938 24 
08LB93 Little Beaver Creek 0710000400024045493 7/06/2009 Boone 3 2337 12 
08ON35 Onion Creek 0708010500037240935 7/08/2010 Boone 2 942 7 
09BA82 Baskins Run 0708020100003523782 5/19/2009 Bremer 2 1942 13 
09BU50 Buck River 0708010200020724350 5/20/2009 Bremer 3 2260 25 
09HO23 Horton Creek 0708020100036620623 5/21/2009 Bremer 3 2105 18 
09LW39 Little Wapsipinicon River 0708010200019121939 8/12/2010 Bremer 3 3420 24 
10BE65 Bear Creek 0708020500211333965 7/30/2009 Buchanan 3 4422 24 
10EB99 East Branch Buffalo Creek 0708010200006325599 7/29/2009 Buchanan 2 2074 16 
10OT34 Otter Creek 0708010200012928634 8/06/2009 Buchanan 4 4475 38 
10OT61 Otter Creek 0708010200013826261 7/27/2009 Buchanan 4 6631 30 
10PI21 Pine Creek 0708010200012028321 7/13/2009 Buchanan 3 1522 16 
12BE26 Beaver Creek 0708020500151527126 7/20/2010 Butler 5 N/A 25 
12BO78 Boylan Creek 0708020400002423778 7/12/2010 Butler 4 5582 29 
12CO25 Coldwater Creek 0708020200015420525 5/24/2010 Butler 3 3282 21 
12FL44 Flood Creek 0708020200001820944 5/25/2010 Butler 3 5492 25 
12HA41 Hartgraves Creek 0708020400009923241 8/18/2009 Butler 3 7682 35 
12JO00 Johnson Creek 0708020500155526400 7/16/2009 Butler 3 2001 16 
16SU76 Sugar Creek 0708020600004753076 8/11/2009 Cedar 4 6464 25 
17WI59 Winnebago River 0708020300003914359 8/14/2010 Cerro Gordo 4 7324 23 
19DR30 Dry Run 0708020100006818930 7/21/2009 Chickasaw 3 704 9 
19GI50 Gizzard Creek 0708020100123118250 6/10/2009 Chickasaw 2 1335 17 
19LT67 Little Turkey Creek 0706000400021515467 7/22/2009 Chickasaw 4 3423 25 
22RO32 Roberts Creek 0706000400004719232 7/23/2009 Clayton 4 2713 15 
22RO71 Roberts Creek 0706000400003921171 7/23/2009 Clayton 5 3271 28 
22ST13 Steeles Branch 0706000400063625213 6/29/2009 Clayton 2 2359 14 
23DE84 Deep Creek 0706000600054741284 6/30/2009 Clinton 4 2562 12 
23RO49 Rock Creek 0708010100027447149 7/01/2009 Clinton 2 1902 13 
28BU05 Buck Creek 0706000600044532105 7/01/2010 Delaware 4 4890 22 
28CG684 Coffins Grove Creek 0706000600041928684 6/26/2009 Delaware 3 3318 24 
28HO60 Honey Creek 0706000600039427860 6/27/2009 Delaware 4 4878 19 
28LT99 Little Turkey River 0706000400045425999 6/30/2010 Delaware 2 971 13 
28PL76 Plum Creek 0706000600034131176 8/19/2009 Delaware 4 4817 16 
28PR63 Prairie Creek 0706000600072529163 6/28/2009 Delaware 3 1741 20 
28SF46 South Fork Maquoketa River 0706000600060126346 6/28/2009 Delaware 4 3559 19 
31MQ20 North Fork Maquoketa River 0706000600023227920 7/29/2010 Dubuque 3 5990 18 
33BR96 Brush Creek 0706000400041421796 6/05/2009 Fayette 3 4554 20 
33NF38 North Fork Volga River 0706000400058721438 6/04/2009 Fayette 3 2375 20 
33NU40 Nutting Creek 0706000400059517240 7/16/2009 Fayette 3 2075 17 
33ST92 Stoe Creek 0708010200018322792 6/03/2009 Fayette 3 2505 20 
33VO46 Volga River 0706000400037920746 6/11/2009 Fayette 4 12353 24 
34BE69 Beemis Creek 0708020200021118669 7/13/2010 Floyd 3 1836 13 
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Appendix B. Continued  
37SN73 Snake Creek 0710000600005344673 5/28/2009 Greene 3 1268 13 
38DO37 Dowd Creek 0708020700024935437 5/18/2009 Grundy 2 985 13 
40WF56 White Fox Creek 0710000500003129356 8/18/2010 Hamilton 3 6536 21 
41EB43 East Branch Iowa River 0708020700010515843 5/19/2010 Hancock 2 2360 13 
42HO75 Honey Creek 0708020700019835275 8/17/2010 Hardin 3 5313 17 
42LB79 Little Beaver Creek 0708020700026332079 6/01/2010 Hardin 2 1073 9 
42SF46 South Fork Iowa River 0708020700015533546 6/15/2009 Hardin 4 6081 28 
42TI46 Tipton Creek 0708020700017733646 8/12/2009 Hardin 3 3683 22 
45BE21 Beaver Creek 0706000200023710921 6/17/2010 Howard 2 1232 13 
45CR28 Crane Creek 0706000400028314428 7/22/2009 Howard 3 3234 24 
45NT33 West Branch Turkey River 0706000400064312433 8/04/2010 Howard 4 3462 22 
45TU23 Turkey River 0706000400016112423 6/09/2010 Howard 4 10085 32 
49BR61 Brush Creek 0706000600002535961 7/24/2009 Jackson 3 1872 12 
49CE16 Cedar Creek 0706000600176137716 6/29/2010 Jackson 3 1160 17 
49LY09 Lytle Creek 0706000600008736209 7/02/2010 Jackson 4 5666 19 
52LI47 Lingle Creek 0708020800066046547 8/06/2010 Johnson 2 1759 14 
52PL80 Plum Creek 0708020800200047380 8/06/2010 Johnson 3 1490 16 
53SI97 Silver Creek 0706000600074034497 7/29/2010 Jones 3 2196 15 
53WW68 whitewater Creek 0706000600015534168 8/07/2010 Jones 4 6806 20 
55PR45 Prairie Creek 0710000500011919745 7/15/2010 Kossuth 4 4668 26 
57BC73 Big Creek 0708020600016439873 7/28/2010 Linn 2 1217 12 
57EO19 East Otter Creek 0708020500234838319 6/12/2009 Linn 2 1240 15 
57IN85 Indian Creek 0708020600018139185 5/30/2009 Linn 2 1060 17 
57WO91 West Otter Creek 0708020500236439391 5/31/2009 Linn 3 3599 21 
64RA99 Raven Creek 0708020800071544599 6/24/2009 Marshall 3 1052 9 
66BE60 Beaver Creek 0708020100035011860 5/21/2010 Mitchell 2 812 15 
66LC04 Little Cedar Creek 0708020100012112604 8/05/2009 Mitchell 4 4596 30 
66OT32 Otter Creek 0708020100018909932 7/27/2010 Mitchell 3 3810 22 
66RO54 Rock Creek 0708020100033914354 5/20/2010 Mitchell 3 5041 25 
76BE42 Beaver Creek 0710000200009721542 8/16/2010 Pocahontas 2 1763 25 
79ST44 Stony Creek 0708020800074248844 7/15/2009 Poweshiek 3 1110 9 
86BE71 Bennett Creek 0708020800057943971 7/07/2009 Tama 2 801 17 
94SB19 South Branch Lizard Creek 0710000400089549319 8/03/2009 Webster 3 4202 27 
95PI82 Pike Run 0708020300006511682 8/13/2009 Winnebago 3 1834 12 
96BO06 Bohemian Creek 0706000400017714206 6/08/2010 Winneshiek 3 3930 22 
96CA34 Canoe Creek 0706000200006512134 6/09/2009 Winneshiek 3 5779 15 
96TU62 Turkey River 0706000400015213362 6/10/2010 Winneshiek 4 5790 22 
96UI49 Upper Iowa River 0706000200013411449 8/05/2010 Winneshiek 4 14727 22 
98EL66 Elk Creek 0708020200012012066 8/04/2009 Worth 3 4851 24 
99BO82 Boone River 0710000500010221082 7/20/2009 Wright 4 6721 19 
99EA91 Eagle Creek 0710000500005926691 7/14/2010 Wright 3 5779 37 
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APPENDIX C.  CATCH PER UNIT EFFORT (NUMBER PER 100 SQUARE 
METERS) OF 21 FISH SPECIES OF GREATEST CONSERVATION NEED IN 85 
WADEABLE IOWA STREAM REACHES SAMPLED DURING 2009 AND 2010 
Reach ID ABLP BDDR BKDR BKRH BTTM CMMW CNLP GVCB IODR LGPH LNDC 
06WO56 0.00 0.00 0.00 0.16 0.00 0.00 0.00 0.00 0.00 0.04 0.00 
07CR16 0.00 1.46 5.01 0.00 0.19 0.00 0.00 0.00 0.00 0.00 0.00 
07MI57 0.00 0.00 0.15 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
07SP61 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
08LB93 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
08ON35 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
09BA82 0.00 0.00 0.66 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
09BU50 0.00 0.42 4.08 0.00 3.99 0.00 0.00 0.00 0.93 0.00 0.00 
09HO23 0.00 0.00 5.32 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
09LW39 0.74 0.00 3.13 0.00 0.00 0.00 0.00 0.00 2.23 0.00 0.00 
10BE65 0.72 0.76 0.00 2.48 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
10EB99 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
10OT34 0.00 16.08 1.44 1.74 0.00 0.41 0.00 0.00 0.15 0.00 0.00 
10OT61 0.00 2.48 0.00 0.95 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
10PI21 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
12BO78 0.04 0.10 0.53 0.36 0.09 0.00 0.00 0.00 0.45 0.00 0.00 
12CO25 0.00 0.00 0.28 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
12FL44 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
12HA41 0.23 0.08 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
12JO00 0.00 0.00 0.16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
16SU76 0.00 0.00 0.00 0.17 0.00 0.00 0.00 0.00 0.00 0.17 0.00 
17WI59 0.00 0.00 0.00 0.00 0.00 0.44 0.00 0.00 0.00 0.00 0.00 
19DR30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
19GI50 0.00 0.00 0.38 0.00 0.00 1.02 0.00 0.00 0.00 0.00 0.00 
19LT67 0.94 3.62 0.00 1.34 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
22RO32 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
22RO71 0.00 1.24 0.00 0.27 0.00 0.00 0.00 0.00 0.00 0.00 20.00 
22ST13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5.96 
23DE84 0.00 0.00 0.00 0.00 0.00 0.11 0.00 0.00 0.00 0.00 0.00 
23RO49 0.00 0.00 0.00 0.00 0.00 3.82 0.00 0.00 0.00 0.00 0.00 
28BU05 0.00 0.66 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
28CG684 0.86 2.12 0.00 0.30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
28HO60 0.00 3.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
28LT99 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.70 
28PL76 0.00 0.07 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
28PR63 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
28SF46 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
31MQ20 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
33BR96 0.27 0.30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 24.35 
33NF38 0.16 33.13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
33NU40 0.00 1.08 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 43.61 
33ST92 0.80 0.00 0.00 0.00 0.00 0.20 0.00 0.00 0.00 0.00 0.00 
33VO46 0.92 0.77 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.84 
34BE69 0.00 0.00 0.17 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Species abbreviations: ABLP = American brook lamprey, BDDR = banded darter, BKDR = blackside darter, BKRH = black 
redhorse, BTTM = blackstripe topminnow, CMMW = central mudminnow, CNLP = Chestnut lamprey, GVCB = gravel 
chub, IODR = Iowa darter, LGPH = logperch, LNDC = longnose dace  
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Appendix C. Continued 
37SN73 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
38DO37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
40WF56 0.00 0.63 0.22 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
41EB43 0.00 0.00 0.26 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
42HO75 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
42LB79 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
42SF46 0.03 0.30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
42TI46 0.00 9.47 0.08 1.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
45BE21 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
45CR28 0.59 1.29 0.00 1.23 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
45NT33 1.75 0.00 0.00 0.14 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
45TU23 0.55 7.55 0.22 7.30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
49BR61 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.70 
49CE16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
49LY09 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
52LI47 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
52PL80 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
53SI97 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
53WW68 0.00 0.33 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.43 
55PR45 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
57BC73 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
57EO19 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
57IN85 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
57WO91 0.00 0.00 0.00 0.00 0.87 0.00 0.00 0.00 0.00 0.00 0.00 
64RA99 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
66BE60 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
66LC04 0.00 7.23 0.00 0.00 0.00 0.00 0.00 0.00 0.35 0.15 0.00 
66OT32 0.00 0.00 0.42 0.00 0.00 4.12 0.00 0.00 0.00 0.00 0.00 
66RO54 0.00 2.86 2.48 1.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
76BE42 0.00 0.00 2.18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
79ST44 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
86BE71 0.00 0.00 0.58 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
94SB19 0.00 4.54 0.16 0.60 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
95PI82 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
96BO06 0.76 1.61 0.00 1.44 0.00 0.00 0.00 0.00 0.00 0.00 0.51 
96CA34 0.00 0.19 0.00 0.00 0.00 0.00 0.06 0.00 0.00 0.00 7.37 
96TU62 0.65 0.51 0.00 1.18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
96UI49 0.04 0.08 0.00 0.23 0.00 0.00 0.00 0.02 0.00 0.00 0.00 
98EL66 0.00 11.93 0.00 0.00 0.00 0.13 0.00 0.00 0.00 0.00 0.00 
99BO82 0.00 0.00 0.00 0.97 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
99EA91 0.00 0.66 0.07 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
 
 
 
 
 
112 
 
 
Appendix C. Continued 
Reach ID LSSR MDDR MSMW NBLP OZMW RFSN SDMT SHDR SRBD TPMT 
06WO56 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
07CR16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
07MI57 0.00 0.39 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
07SP61 0.00 0.56 0.00 0.00 0.00 0.00 0.00 0.00 0.11 0.00 
08LB93 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
08ON35 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
09BA82 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.40 0.00 
09BU50 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 10.10 0.00 
09HO23 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 86.36 0.00 
09LW39 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21 0.00 
10BE65 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
10EB99 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 14.46 0.00 
10OT34 0.00 0.00 0.00 0.00 0.00 0.00 0.00 12.13 0.00 0.00 
10OT61 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
10PI21 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 24.13 0.00 
12BO78 0.00 0.00 0.00 0.00 0.00 0.12 0.00 0.00 0.00 0.00 
12CO25 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
12FL44 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.36 0.00 
12HA41 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04 0.00 
12JO00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
16SU76 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.47 0.00 0.00 
17WI59 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
19DR30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 292.73 0.00 
19GI50 0.00 0.00 0.00 0.00 0.58 0.00 0.00 0.00 0.00 0.00 
19LT67 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.41 0.00 
22RO32 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
22RO71 0.43 0.00 12.32 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
22ST13 0.00 0.00 0.00 0.00 0.81 0.00 0.00 0.00 4.31 0.00 
23DE84 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.11 0.00 
23RO49 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.75 0.00 
28BU05 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.18 0.00 
28CG684 0.00 0.00 0.00 0.00 0.90 0.00 0.00 0.00 1.27 0.00 
28HO60 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 6.97 0.00 
28LT99 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.29 0.00 
28PL76 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
28PR63 0.00 0.00 0.00 0.00 17.75 0.00 0.00 0.00 15.76 0.00 
28SF46 0.00 0.00 0.00 0.31 5.37 0.00 0.00 0.00 6.68 0.00 
31MQ20 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.30 0.00 
33BR96 30.35 0.00 0.00 0.00 10.41 0.00 0.00 0.00 1.82 0.00 
33NF38 0.00 0.00 0.00 0.00 0.51 0.00 0.00 0.00 0.00 0.00 
33NU40 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.33 0.00 
33ST92 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.60 0.00 
33VO46 0.00 0.00 0.00 0.27 0.36 0.00 0.00 0.00 0.00 0.00 
34BE69 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.09 0.00 
Species abbreviations: LSSR = largescale stoneroller, MDDR = mud darter, MSMW = Mississippi silvery minnow, NBLP = 
northern brook lamprey, OZMW = Ozark minnow, RFSN = redfin shiner, SDMT = slender madtom, SHDR = slenderhead 
darter, SRBD = southern redbelly dace, TPMT = tadpole madtom 
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Appendix C. Continued 
37SN73 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
38DO37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
40WF56 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
41EB43 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
42HO75 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
42LB79 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
42SF46 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
42TI46 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
45BE21 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 24.61 0.00 
45CR28 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.86 0.00 
45NT33 0.00 0.00 0.00 0.00 17.23 0.00 0.00 0.00 5.94 0.00 
45TU23 0.00 0.00 0.00 0.00 6.55 0.00 0.00 0.00 0.93 0.00 
49BR61 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.13 0.00 
49CE16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 3.40 0.00 
49LY09 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.06 0.00 
52LI47 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
52PL80 0.00 2.64 0.00 0.00 0.00 0.00 0.25 0.00 0.00 0.00 
53SI97 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 8.93 0.00 
53WW68 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
55PR45 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
57BC73 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 9.38 0.00 
57EO19 0.00 0.00 0.00 0.00 16.17 0.00 0.00 0.00 295.56 0.00 
57IN85 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 17.25 2.30 
57WO91 0.00 0.00 0.00 0.00 1.04 0.00 0.98 0.00 0.00 0.00 
64RA99 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
66BE60 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 321.10 0.00 
66LC04 0.50 0.00 0.00 0.00 0.00 0.00 0.00 0.08 0.54 0.00 
66OT32 0.00 0.00 0.00 0.00 64.53 0.00 1.21 0.00 24.96 0.00 
66RO54 0.00 0.00 0.00 2.30 61.80 0.00 0.00 0.00 14.96 0.00 
76BE42 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.13 
79ST44 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
86BE71 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
94SB19 0.14 0.00 0.00 0.00 0.00 0.00 1.78 1.03 0.00 0.00 
95PI82 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
96BO06 0.00 0.00 0.00 0.00 15.25 0.00 0.00 0.00 8.99 0.00 
96CA34 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
96TU62 0.00 0.00 0.00 0.00 0.51 0.00 0.00 0.00 0.30 0.00 
96UI49 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
98EL66 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 3.47 
99BO82 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
99EA91 0.00 0.00 0.00 0.00 0.00 0.00 0.11 0.07 0.00 0.00 
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APPENDIX D.  COLLECTIONS OF FISH SPECIES OF GREATEST 
CONSERVATION NEED IN 86 WADEABLE IOWA STREAMS DURING SPRING 
AND SUMMER 2009 AND 2010 
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